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Plant hydraulics describes the mechanisms of water uptake from the soil to roots, 
water transport through the xylem to leaves, and water loss via stomata. Mechanistic 
modeling of plant hydraulics has advanced in recent decades with a demonstrated 
capability to simulate evapotranspiration and gross primary production, especially under 
water stress conditions. As these water stress conditions are likely to intensify in a warming 
climate, it is crucial to ensure land surface models (LSMs) for use in Earth system models 
(ESMs) are equipped with appropriate parameterizations of plant hydraulics. Most LSMs 
employ an idealized “big-leaf” concept to regulate water and carbon fluxes in response to 
soil moisture stress through empirical soil hydraulics schemes (SHSs). Such schemes have 
been shown to cause significant uncertainties in water and carbon simulations. This 
dissertation aims to better understand and simulate the role of plant hydraulics in regulating 
the terrestrial water and carbon cycles through observational data analysis, numerical 
model development, and continental-scale applications. 
Chapter 2 analyzes the impacts of plant hydraulics-related properties on the 
sensitivity of vegetation interannual variability to hydroclimatic factors such as 
 x 
precipitation and atmospheric water vapor pressure deficit (VPD) in North America. 
Compared to isohydric plants, anisohydric plants are more negatively affected by VPD and 
would suffer more from increasing atmospheric moisture stress under climate change. 
Focusing on the Noah-MP land surface model, Chapter 3 presents a novel plant hydraulics 
scheme (PHS) (hereafter referred to as Noah-MP-PHS), which employs a big-tree concept 
by considering the whole-plant hydraulic strategy. Noah-MP-PHS is evaluated using plot-
level observations from UMBS, and improves water and carbon simulations, especially 
during dry soil conditions. Noah-MP-PHS can reproduce contrasting plant hydraulic 
behaviors for two species, i.e., isohydric ‘risk-averse’ red maple and anisohydric ‘risk-
prone’ red oak. The stem water storage in PHS enables nocturnal plant water recharge and 
provides an important buffer to relieve xylem hydraulic stress during dry soil conditions. 
Chapter 4 extends the plot-level and tree-level PHS experiments to the forest regions in the 
continental United States (CONUS). Six experiments are conducted, including three SHS 
experiments and three PHS experiments. PHS_plot, PHS risk-averse, and risk-prone 
experiments use calibrated PHS parameters, respectively, from the plot-level, maple tree-
level, and oak tree-level simulations as described in Chapter 3. The spatial sapwood area 
and volume indexes over the CONUS forest regions are estimated for the first time for use 
in land surface modeling. PHS impacts the ET partitioning to transpiration and the total 
water storage anomaly over the CONUS. Plant hydraulic traits play an essential role in 
PHS water simulations. Therefore, the implementation of plant hydraulics, along with more 
realistic representations of plant traits and hydraulic strategies, could reconcile 
observations and models of terrestrial water cycles. Noah-MP-PHS provides a useful 
platform to better understand the roles of terrestrial ecosystems on global carbon & water 
cycles and energy budget, including research of data assimilation, land-atmosphere 
interaction, extreme event prediction, climate projection, and so on. 
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Chapter 1:  Introduction 
1.1 IMPORTANT ROLE OF TERRESTRIAL TRANSPIRATION  
Terrestrial ecosystems play a critical role in the global carbon cycle and act as a 
natural buffer against rising atmospheric CO2 (IPCC 2013; Shiga et al. 2018). Plants absorb 
more than one-fourth of fossil fuel emissions, and significantly slow down the rise in 
atmospheric CO2 and thus global warming (Shevliakova et al., 2013; Le Quéré et al., 
2013&2018). Transpiration by plants is the dominant component of total terrestrial 
evapotranspiration (Jasechko, 2013; Schlesinger et al., 2014; Good et al., 2015). This 
process couples the water and carbon cycles and controls surface energy partitioning, thus 
playing a principal role in land surface and atmosphere/climate feedbacks (Bonan et al., 
2008; Matheny et al., 2014a). 
A warming climate is expected to intensify the global hydrological cycle and likely 
induce more frequent and severe droughts over many regions (Dai 2013; Li et al., 2020). 
Rising temperatures will likewise cause an increase in atmospheric water vapor pressure 
deficit (VPD) (Grossiord et al., 2020). Plants, therefore, are expected to face more 
hydroclimatic stresses due to decreasing soil water supply alongside increasing 
atmospheric water demand (Figure 1.1) (McDowell et al., 2008; Anderegg et al., 2012; 
Anderegg et al., 2018). Numerous studies have shown the vital role of soil moisture or 
precipitation in controlling vegetation greenness (Wang et al., 2016; Wang et al., 2017; 
Jung et al., 2017; Zeng et al., 2005; Ahlstrom et al., 2015; Green et al., 2019), and emerging 
studies highlight the importance of VPD in playing a more significant role than 
precipitation/soil moisture (Konings et al., 2017; Novick et al., 2016; Liu et al., 2020; Yuan 
et al., 2019). It is crucial to understand and simulate the dynamics of transpiration in order 
to better predict ecosystem–atmosphere feedbacks in water, carbon, and energy exchange 
 2 
under climate change with likely increasing water stress (Bonan et al., 2008; Allen et al., 
2010; Choat et al., 2012; Sperry et al., 2016; Lemordant et al., 2018). 
 
 
Figure 1.1: Diagram of hydroclimatic stresses, soil–plant–atmosphere–continuum 
(SPAC), and plant hydraulics. SH: sensible heat; LH: latent heat. 






1.2 PLANT HYDRAULICS AND ITS MODELING 
Water transport in plants enables the photosynthesis, and affects the terrestrial water and 
carbon cycles, and energy balance (Brodribb, 2009; Anderegg et al., 2015; Matheny et al., 
2017; McCulloh et al., 2019). Plant hydraulics describes the fundamental mechanisms of 
how vascular plants acquire, transport, store and use water (Figure 1.1) (Dixon & Joly, 
1895; McDowell et al., 2019; Matheny et al., 2017; Anderegg et al., 2018). Transpiration 
is regulated dynamically through the stomatal aperture, which, in many cases, is governed 
by water status and plant hydraulic properties (Sperry, 2000; Buckley 2005; Skelton et al., 
2015; Matheny et al., 2017; Anderegg et al., 2018). Water movement through the plant 
vascular systems is regulated by the whole-plant hydraulic strategy, which is the 
culmination of emergent phenotypical hydraulic functional traits at the leaf, stem, and root 
levels (Matheny et al., 2017; McCulloh et al., 2019). At the leaf level, there are two 
opposing strategies for the regulation of stomatal openness in the face of water stress: 
isohydricity, in which plants readily close stomata to maintain a steady and high leaf water 
potential in order to conserve water; and anisohydricity, in which plants maintain open 
stomata longer while incurring highly negative leaf water potential (LWP) to maximize 
carbon uptake. Most plants operate along with a range of intermediate strategies between 
these two extremes (McDowell et al., 2008; Skelton et al., 2015; Blackman 2018; Zhu et 
al., 2018). At the stem level, plants differ in their xylem architecture, including ring-porous, 
diffuse-porous, and tracheid-based types (Oren et al., 1999; Matheny et al., 2017). The 
diversity of xylem architecture and physiology alongside numerous other vessel traits (e.g., 
vessel diameter, density and interconnectedness) determine xylem hydraulic functioning 
and its resistance to hydraulic impairment (cavitation) (Pockman & Sperry, 2000; Choat et 
al., 2012). The ability of a plant to store water, or its hydraulic capacitance, likewise plays 
a critical role in regulating the water status and tree function on time scales ranging from 
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diel to seasonal (Matheny et al., 2015; Matheny et al., 2017; Yan et al., 2020). Plant 
hydraulic control also results from the properties of root systems and the rhizosphere, such 
as rooting depth and vertical distribution, lateral extent and competitive dynamics, fine root 
area, water extraction efficiency, mycorrhizal interactions, and hydraulic redistribution 
(Canadell et al., 1996 & 2007; Allen, 2009; Reichstein et al., 2014; Wullschleger et al., 
2014).  
Mechanistic modeling of plant hydraulics has advanced in recent decades and 
shown clear evidence of providing a better representation of the vegetative regulation of 
global carbon and water fluxes (Anderegg and Martin, 2020; McDowell et al., 2019; 
Mencuccini et al., 2019; Anderegg et al., 2018; Mackay et al., 2015; Hunt et al., 1991). 
There are three broad categories of plant hydraulics models, although all vary in their 
parameterization and implementation (Table 1.1): 
(1) The first category is the pipe model (PPM), which treats the water movement 
within vascular conduits as laminar flow through pipes (Shinozaki et al., 1964a & 1964b; 
McCulloh et al., 2003; Lehnebach et al., 2018). These idealized vertical, parallel pipes can 
be either connected or disconnected from adjacent pipes depending on model assumptions. 
The flow through each pipe is commonly simulated by the Hagen–Poiseuille law (Roderick 
and Berry, 2001; Mrad et al., 2018). Some of these models (e.g., the WBE model; West et 
al., 1999; Savage et al., 2008) use additional allometric scaling laws to describe the 
vascular architecture, such as conduit taper, and further consider hydraulic trade-offs (e.g., 
the Botanical Network Model; Savage et al., 2010). The network model proposed by Mrad 
et al. (2018) based on xylem anatomy and simulates lateral embolism spread, providing 
another solution to further explore xylem tissue hydraulic behavior and vulnerability to 
cavitation. 
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(2) The second category is the electrical analogy model (EAM), which 
conceptualizes water flow through plants as being analogous to the current through an 
electric circuit with a series of resistance and/or capacitance (Sperry et al., 1998). EAMs 
conceptualize water flow through plants as analogous to the current through an electric 
circuit with series of resistance and/or capacitance (Sperry et al., 1998). An EAM is based 
on an ordinary differential equation and has high computational efficiency. EAMs have 
two subcategories: resistor model (RMs) and resistance-capacitance models (RCMs). An 
RM regards plant hydraulics as a resistor (or a series of resistors) to transport water flow. 
Sellers et al. (1986) proposed an RM in the SiB model, which included two resistors: 
averaged plant vascular resistance and soil-root resistance. Other examples include the 
plant hydraulics schemes developed by Sperry et al. (1998), the SOX scheme developed 
by Eller et al. (2018), and the PHS scheme in CLM5 (Kennedy et al., 2019). Besides the 
resistor, RCMs also consider plant-water storage or capacitance, e.g., the schemes 
developed by Sperry et al. (1998), Steppe et al. (2006), Gentine et al. (2016), and Xu et al. 
(2016). The hydraulic capacitance, especially for tall trees, has been demonstrated by field 
observation to play a critical role in regulating transpiration at both short- and long-term 
scales (Matheny et al., 2015; Matheny et al., 2017; Yan et al., 2020). 
(3) The third category is the porous media model (PMM), which assumes that water 
movement through interconnected tracheids or xylem vessels resembles porous media flow 
(Chuang et al., 2006; Bohrer et al., 2005). A PMM typically uses the Richards equation for 
non-saturated porous media flow, which combines the continuity equation with Darcy’s 
law, leading to a nonlinear partial differential equation. Therefore, these models can 
describe the detailed spatiotemporal dynamics of a tree’s hydraulic system, but at the cost 
of substantial computational and parametric demands. The architecture of PMMs ranges 
from single beam (stem only) models (Chuang et al., 2006; Mirfenderesgi et al., 2016 & 
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2019; Yan et al., 2020), to the FETCH model with a three-dimensional stem and branch 
structure (Bohrer et al., 2005), to the Xylem Water Flow (XWF) model including root, 
stem, and branches (Janott et al., 2011; Bittner et al., 2012). 
 
 
Plant hydraulics model type 
Pipe model 
Electric analogy model Porous media model 
Resistor model Resistor-capacitance model  
Vascular architecture 
assumption 
Series of pipes 
Electric circuit with 
resistance 
Electric circuit with 
resistance and capacitance 
Continuous porous media 
Storage inclusion Yes/No No Yes Yes 
Governing law or 
equation 
Hagen–Poiseuille law, 
allometric scaling laws 
Darcy’s law Richards equation 
Typical model scale 
Tissue level, tree level, 
ecosystem level 
Tree level, cohort level, 
 stand level, ecosystem level 
Tree level, cohort level 
Computational demand Moderate to high Low to moderate High 
Example of  
evaluation data 
Tree-level measurements 





Many parameters  Some parameters  Many parameters 
Examples 
1. Pipe Model (Shinozaki 
et al., 1964a & b) 
2. WBE (West et al., 1999) 
3. Stem Hydraulic Model 
(Roderick and Berry, 
2001) 
4. Botanical Network 
Model (Savage et al., 
2010) 
5. Network Model (Mrad 
et al., 2018) 
6. Pipe Model in HOTTER 
(Trugman et al., 2019b) 
1. SiB (Sellers et 
al., 1986) 
2. SPA (Sperry et 
al., 1998) 
3. TREES (Mackay 
et al., 2011) 
4. SOX (Eller et al., 
2018) 
5.  PHS in CLM5 
(Kennedy et al., 
2019) 
1. SPA (Williams et al., 
1996) 
2. Dynamic Flow and 
Storage Model (Steppe et 
al., 2006) 
3. VIC+ (Luo et al., 2013) 
4. ED2-Hydro (Xu et al., 
2016) 
5. RCL Model (Zhuang et 
al., 2014) 
1. PM (Chuang et al., 2006) 
2. FETCH (Bohrer et al., 
2005) 
3. TFS v.1-Hydro 
(Christoffersen et al., 2016) 
4. XWF (Janott et al., 
2011) 
Table 1.1: Commonly used plant hydraulics models and their key features. 
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1.3 PLANT WATER STRESS PARAMETERIZATION IN LAND SURFACE MODELS  
As a key component of Earth system models (ESMs), land surface models (LSMs) 
simulate water, carbon and energy fluxes, and are used for drought/flood prediction, 
weather forecasts, and climate prediction (Yang et al., 2011; Bonan & Doney et al., 2018). 
The majority of LSMs use an idealized “big leaf” to represent all vegetation functions as a 
single leaf or a pair of leaves (sunlit and shaded) (Luo et al., 2018). Within the big-leaf 
framework, LSMs do not resolve water-state variables within plants and therefore do not 
have the ability to explicitly represent the plant water-stress status. Therefore, most LSMs 
typically parameterize the effects of soil water stress on vegetation and thus surface fluxes 
(i.e., water, carbon and energy fluxes) using empirical functions based on either soil water 
content or soil water potential (Egea et al., 2011; Verhoef & Egea, 2014; Powell et al., 
2013; Sitch et al., 2015). These traditional schemes, which we refer to as soil hydraulics 
schemes (SHSs), depend on soil hydraulic properties and a few plant functional parameters 
(e.g., root distribution), but the role of plant traits (e.g., xylem conductivity) in controlling 
transpiration is largely ignored (Christoffersen et al., 2016). Many such models are 
satisfactory when soil moisture is adequate for transpiration, but most are unable to 
simulate water and carbon fluxes well under water-limited conditions (e.g., Calvet et al., 
1998; Grant et al., 1999; Tuzet et al., 2003). Additionally, these LSMs fail to capture the 
asymmetry of daytime water and carbon fluxes under conditions of low soil moisture 
content, resulting in underestimation (overestimation) of fluxes in the morning (afternoon) 
(Matheny et al., 2014a; Tuzet et al., 2003). Therefore, SHS functions cannot well capture 
plants’ response to water stress conditions and have been shown to contribute significant 
uncertainty to water and carbon simulations by LSMs (Dirmeyer et al., 2006; Powell et al., 
2013; Matheny et al., 2014a; Niu et al., 2011; Trugman et al., 2018; Zheng et al., 2019).  
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Previous studies have shown that the incorporation of a holistic, whole-plant 
hydraulic strategy in place of the more traditional semi-empirical SHS approach, along 
with hydraulic trait-based vegetation representation, can serve to improve simulations of 
carbon and water fluxes, particularly in cases of drought and other disturbances 
(Christoffersen et al., 2016; Mirfenderesgi 2019; Kennedy et al., 2019; Liu et al., 2020). 
1.4 MOTIVATING QUESTIONS 
Based on the advancements in theory development, data availability (e.g., in-situ 
plant hydraulic traits and plant water status related remote sensing observations) and 
physical-based models of plant hydraulics, this dissertation thus aims to address the 
following questions. 
Chapter 2: (1) How do hydroclimatic factors affect the interannual variability (IAV) 
of vegetation productivity for different ecosystems? (2) How do plant hydraulics-related 
properties affect the sensitivity of vegetation productivity IAV to hydroclimatic factors? 
Chapter 3: (1) By implementing a plant hydraulics scheme (PHS) in Noah-MP 
LSM, can PHS improve water and carbon simulations? (2) Can PHS replicate different 
hydraulic behaviors for species with different hydraulic strategies (e.g., isohydric risk-
averse vs. anisohydric risk-prone)? 
Chapter 4: (1) How can different hydraulic strategies (i.e., risk-prone vs. risk-
averse) influence ET partitioning and total water storage over the continental United 
States? (2) How do plant traits affect such PHS simulations? 
1.5 ORGANIZATION OF THE DISSERTATION 
Chapter 1 reviews the current progress in plant hydraulics and the limitations of 
traditional LSMs, pinpoints the need for better understanding the role of plant hydraulics 
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on water and carbon cycles, and the representation plant hydraulics in LSMs, followed by 
the overarching questions and research organization.  
In Chapter 2, we used the large spatial scale datasets to examine how plant 
hydraulics-related properties affect the sensitivity of vegetation interannual variability to 
hydroclimatic factors, including the water supply (i.e., precipitation) and water demand 
(i.e., vapor pressure deficit). This study highlights the importance of plant hydraulics-
related properties on the coupling strength between vegetation greenness and hydroclimatic 
factors, and implicates the potential benefits to represent PHS in ESMs and therefore could 
better simulate vegetation response, and carbon and water fluxes, particularly under water 
stress conditions. 
In Chapter 3, we implemented a novel PHS for Noah-MP (hereafter, Noah-MP-
PHS), which employs a big-tree rather than the big-leaf concept, wherein the whole-plant 
hydraulic strategy is considered including root-level soil water acquisition, stem-level 
hydraulic conductance and capacitance, and leaf-level isohydricity and hydraulic 
capacitance. We evaluated Noah-MP-PHS using observations from the University of 
Michigan Biological Station and compared it with the default Noah-MP. Noah-MP-PHS 
can also reproduce different patterns of transpiration, stem water storage and root water 
uptake during a two-week dry-down period for two species with contrasting plant hydraulic 
behaviors, i.e., the “cavitation risk-averse” red maple and the “cavitation risk-prone” red 
oak. 
In Chapter 4, by using the parameters calibrated from plot-level and tree-level 
experiments in chapter 3, we extended our simulations to CONUS to better understand 
plant hydraulics at the large spatial scale. We examine the difference of water fluxes (1) 
between the default SHSs experiments and PHS experiments with plot-level configuration, 
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(2) between PHS experiments with different hydraulic strategies (i.e., risk-prone vs. risk-
averse), and (3) how do the plant traits can affect these differences. 
In Chapter 5, I summarize the conclusions and limitations & future research work. 
 
 
Figure 1.2: Diagram of dissertation structure: multi-scale understanding and modeling 
of plant hydraulics.  
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Chapter 2:  Plant hydraulics-related properties Control the Sensitivity 
of Vegetation Productivity to Hydroclimatic Factors 
ABSTRACT 
Terrestrial ecosystems are likely expected to experience increasing moisture stress, 
with decreasing precipitation supply and rising atmospheric moisture demand under global 
warming. Plant hydraulics regulates a plant's ability to acquire, transport, and use water, 
and plays a critical role on water and carbon cycles. In this study, we examined how do 
plant hydraulics-related properties affect the sensitivity of interannual variability of 
vegetation productivity to hydroclimatic factors in North America. Our results show that 
precipitation has positive effects on vegetation productivity for arid ecosystems (aridity 
index < 0.65; e.g., grassland) and negative effects on humid ecosystems (aridity index ≥ 
0.65; e.g., forests). VPD negatively correlates with vegetation productivity, while the 
temperature has positive effects on vegetation productivity. Generally, plants with higher 
canopy and larger biomass are less sensitive to precipitation and VPD. Anisohydric plants 
are more sensitive to VPD than the relatively isohydric plants. Furthermore, anisohydric 
humid ecosystems are more sensitive to VPD than precipitation, while anisohydric arid 
ecosystems are equally sensitive to precipitation and VPD. Given the projected rising VPD 
under climate change, anisohydric plants may suffer more from the atmospheric moisture 
stress. Our study highlights the importance of plant hydraulics-related properties on the 
coupling strength between vegetation productivity and hydroclimatic factors, indicating 
the implementation of plant hydraulics in Earth system models (ESMs) therefore could 




Terrestrial ecosystems play a critical role in the global carbon cycle and act as a 
natural buffer against rising atmospheric CO2 (IPCC 2013; Shiga et al. 2018). Plants absorb 
more than one-fourth of fossil fuel emissions, and significantly slow down the rise in 
atmospheric CO2 and thus global warming (Shevliakova et al., 2013; Le Quéré et al., 
2013&2018). There is a large interannual variability (IAV) of global atmospheric CO2, 
which is primarily driven by terrestrial ecosystem processes (Cox et al., 2013; Poulter et 
al., 2014). Therefore, understanding the IAV of ecosystem productivity could help forecast 
long-term biosphere responses to climate change (Wang et al., 2014; Cox et al., 2015; 
Baldocchi et al., 2018; Piao et al., 2020). 
Water stress influences the IAV of ecosystem productivity (Piao et al., 2020; Jung 
et al., 2020). Generally, ecosystems face two hydroclimatic stresses in the form of low 
water supply (e.g., precipitation or soil moisture) and high atmospheric water demand (i.e., 
vapor pressure deficit, VPD). Numerous studies have shown the vital role of soil moisture 
or precipitation on vegetation IAV (Wang et al., 2016; Wang et al., 2017; Jung et al., 2017; 
Zeng et al., 2005; Ahlstrom et al., 2015; Green et al., 2019), and emerging studies highlight 
the importance of VPD in playing a more significant role than precipitation/soil moisture 
(Konings et al., 2017; Novick et al., 2016; Liu et al., 2020; Yuan et al., 2019). With likely 
decreasing precipitation supply and increasing VPD under a warming climate, vegetation 
is expected to face increasing challenges from these two hydroclimatic stresses (Grossiord 
et al., 2020; Green et al., 2019; Yuan et al. 2019; Brodribb et al., 2020). 
Water transport in plants is necessary for photosynthesis and influence the global 
carbon cycle (Brodribb, 2009; Anderegg et al., 2015; Matheny et al., 2017; McCulloh et 
al., 2019). Plants with different hydraulic traits, e.g., the sensitivity of stomata openness to 
leaf water potential, xylem conductivity and rooting depth, use different strategies to 
 13 
regulate their abilities to acquire, transport, and use water (Sperry, 2000; Buckley 2005; 
Skelton et al., 2015; Anderegg et al., 2018). Isohydric plants exert tight stomatal regulation 
and maintain relatively constant plant water potential to minimize transpiration and avoid 
xylem cavitation, but at the cost of reduced carbon fixation. In contrast, anisohydric plants 
tend to tolerate low leaf water content and maintain transpiration longer to maximize 
carbon uptake (Matheny et al., 2017; Konings et al., 2017a; Feng et al., 2019; McDowell 
et al., 2008). Besides, stem traits, e.g., xylem architecture and water storages (Matheny et 
al., 2015; Yan et al., 2020), and root traits, e.g., root area and rooting depth (Allen, 2009; 
Reichstein et al., 2014) control water supply to the leaves. 
Previous studies have explored the influence of plant hydraulics-related properties 
on ecosystems’ sensitivity to the water supply and atmospheric demand at large spatial 
scale. Konings et al. (2017a) found that anisohydric grassland productivity is far more 
sensitive to variations in VPD than precipitation during drought years. Giardina et al. 
(2018) showed that IAV of photosynthesis of tall forests is less sensitive to precipitation 
variability than short forests in Amazonia. However, the influence of plant hydraulics on 
the relationships between IAV of vegetation productivity and hydroclimatic factors is still 
not fully understood. Therefore, this study aims to examine the role of hydraulic properties 
on the sensitivity of vegetation IAV to hydroclimatic factors, especially precipitation and 
VPD across diverse ecosystems in North America. Specifically, we will explore 1) How 
hydroclimatic factors affect the vegetation productivity IAV for different ecosystems? 2) 
How plant hydraulics-related properties affect the sensitivity of vegetation productivity 
IAV to hydroclimatic factors? Section 2 introduces the large-scale datasets and analysis 
method. Section 3 is the results followed by the discussion and conclusions in section 4.  
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2.2 METHODOLOGY 
In this section, we present the dataset and analysis methods. We collected the 
vegetation productivity proxy data and climatic factors to conduct partial correlation 
analysis. Then, four plant hydraulics-related properties were used to examine how their 
influence on the partial correlation coefficients.  
2.2.1 Data 
We used satellite-derived Normalized Difference Vegetation Index (NDVI), which 
is the ratio of the difference between near-infrared reflectance and red visible reflection to 
their sum, as a proxy of vegetation productivity (Konings et al., 2017a; Wang et al., 2017). 
The NDVI was retrieved from the Advanced Very High Resolution Radiometer (AVHRR) 
instruments, which was produced by the Global Inventory Modeling and Mapping Studies 
(GIMMS) group (Pinzon & Tucker, 2014). The original 0.083° spatial and half-month 
interval NDVI was processed into a monthly 0.5° resolution (Table 2.1) from 1982–2015. 
The major hydroclimatic factors that influence the IAV of vegetation productivity 
include VPD, precipitation, temperature. It should be noted that radiation can also affect 
vegetation productivity, e.g., at the tropical rainforests. Previous studies have shown that 
temperature is the dominant control factor in the Northern Hemisphere (Piao et al., 2020; 
Nemani et al., 2003). As our study region is located in North America, so we excluded the 
radiation in this study. The monthly daytime VPD was calculated based on the forcing from 
the North American Land Data Assimilation System (NLDAS) phase 2 (Mitchell et al., 
2004; Xia et al., 2012). Daytime hourly VPD was first computed using NLDAS hourly 
data (i.e., specific humidity and air temperature) at 0.125° spatial resolution, which was 
processed as a monthly average with 0.5° resolution. The monthly 0.5° temperature and 
precipitation were also aggregated from the hourly 0.125° NLDAS dataset. 
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We collected four gridded plant properties that are related to plant hydraulic 
processes, including isohydricity (Konings et al., 2017b), forest canopy height (Simard et 
al., 2011), and above and below ground biomass (Spawn et al., 2020) (Figure 2.7). As 
mentioned in the introduction, the whole-plant hydraulic strategy is determined by the traits 
in the leaves, xylem, and roots. Isohydricity describes the degree of plants that controls 
their stomata in response to water stress. Konings et al. (2017b) developed a remote-
sensing based ecosystem-scale anisohydricity using the satellite products of vegetation 
optical depth (VOD). Even though its calculation is based on a series of assumptions, these 
VOD-based datasets are generally consistent with the upscaled in situ species estimates (Li 
et al., 2017). Isohydricity is a comprehensive proxy of plant water use strategies. It is 
centered on leaf water potential, which in itself is an integration of a cascade of water 
potentials from the leaf, to the branch, to the trunk, to the root and ultimately the soil-to-
root interface. The forest canopy height is another proxy of plant hydraulics. Canopy height 
relates to the rooting depth, the hydraulic path length and the volume available to store 
water. Besides, we also used the above and below ground biomass metrics. Generally, 
under a given climate, ecosystems with more abundant biomass may have more and deeper 
roots to access soil moisture, and could also have a larger plant capacitance to store water. 
All of these plant properties are processed from their original resolution to a 0.5° spatial 
resolution over 1982–2015. 
The aridity index, the ratio of mean annual precipitation to mean annual potential 
evapotranspiration, is used to classify arid and humid ecosystems. The monthly 











Vegetation NDVI 0.083 Half-month 
Pinzon & Tucker, 
2014 
Climatic factor 
Precipitation 0.125 Hourly 
Mitchell et al., 2004; 
Xia et al., 2012 
Temperature 0.125 Hourly 
VPD calculation 0.125 Hourly 
Plant properties 
Isohydricity 0.25 Static Konings et al., 2017b 
Canopy height 1 km Static Simard et al., 2011 
Above ground 
biomass 
300 m Static 




300 m Static 
Spawn et al., 
2020 
Aridity index 
Precipitation 0.5 Monthly 
Harris et al., 2020 
PET 0.5 Monthly 
Table 2.1: Summary of datasets. 
2.2.2 Analyses 
This study was conducted in the domain covered by NLDAS (Figure 2.1), including 
the Contiguous United States and a part of Canada and Mexico. Our analysis focused on 
the growing season, which is defined as April–October (Piao et al., 2014). For example, 
the IAV of NDVI is computed as the annual variation of the NDVI mean during the 
growing season. To distinguish the role of hydroclimatic drives on the vegetation, we 
conducted partial correlation analysis between NDVI and one driver after statistically 
controlling other drivers' variations at the interannual timescale. All variables were 
detrended to isolate hydroclimatic factors' role from other potential drives that contribute 
to vegetation dynamics (e.g., CO2 fertilization) (Wang et al., 2018a). 
We then examined the relationships between partial correlation coefficients with 
plant hydraulics-related properties over different ecosystems. The MODIS IGBP land 
cover type (Table 2.2, Friedl et al., 2010 and 2015) and Köppen-Geiger climate 
classification were used to select out sub-region. To reduce the influence of human 
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activities (e.g., irrigation), croplands were excluded for all analysis. We selected seven 
regions with six land cover types that have sufficient pixels to support rigorous analysis 
(Figure 2.1). Based on the aridity category (UNEP 1997), grassland and open shrub are 
classified as arid ecosystems (aridity index < 0.65, Figure 2.8), and other four types were 
classified as humid ecosystems (aridity index ≥ 0.65) (see Figure 2.3d).  
 
Figure 2.1: Major IGBP land cover types. Mixed forest (MF), evergreen needleleaf 
forest (ENF), natural vegetation mosaic (NVM), woody savannas (WS), 
grasslands (GRS), open shrublands (OS), see more in Table S1 for land 
covers’ definition. It should be noted that both ENF1 and ENF2 are 
Evergreen Needleleaf forest but fall within different Köppen-Geiger climate 
zones. Grids shown with grey color were excluded in our analysis. 
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2.3 RESULTS  
2.3.1 Hydroclimatic controls on vegetation greenness 
Figure 2.2 shows the correlation coefficients between vegetation greenness (NDVI) 
and hydroclimatic factors over the period of 1982–2015. For NDVI-precipitation, 55.9% 
(44.1%) of pixels show a positive (negative) relationship (Figure 2.2a). Generally, the arid 
region with small aridity indicates positive partial correlation coefficients. The humid 
region with larger aridity indicates more negative correlation coefficients (Figure 2.2d). 
Most study regions show a negative correlation between VPD and NDVI. VPD has more 
negative effects on the regions with lower aridity and high temperature than the humid and 
cold regions (Figure 2.2e). 84.6% of study regions demonstrate a positive correlation 
between NDVI and temperature. Generally, cold regions with limited thermal conditions 




Figure 2.2: Spatial distributions of the partial correlation coefficients between NDVI 
and precipitation (a), VPD (b), and temperature (c), respectively. 
Distributions of averaged partial correlation coefficient in the aridity index – 
mean annual temperature domain for precipitation (d), VPD (e), and 
temperature (f), respectively. The distribution of aridity and temperature are 
shown in Figure S1. “Δ”/“∇” denote the percentage of grids with an 
increasing/decreasing pattern. The stippling indicates the regions with a 
significant partial correlation coefficient (Student's t-test, p < 0.05). 
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2.3.2 Comparison of partial correlation coefficients between different ecosystems 
We further summarized the average of partial correlation coefficients over different 
ecosystems in Figure 2.3. For NDVI-precipitation, the forest ecosystems (i.e., mixed forest 
(MF) and evergreen needleleaf forest (ENF)) show overall negative correlation 
coefficients. While the grassland (GRS) and open shrub (OS) have positive correlation 
coefficients (Figure 2.3a). The natural vegetation mosaic (NVM) and woody savanna (WS) 
ecosystems show slight positive correlation coefficients between NDVI and precipitation 
overall. These correlation patterns are related to ecosystems' aridity (Figure 2.3d) that arid 
(humid) ecosystems have positive (negative) correlation. All ecosystems have negative 
correlation responses between NDVI and VPD, especially for grassland and open shrubs. 
Generally arid ecosystems show more negative impact of VPD on NDVI. All the 
ecosystems show a positive correlation between vegetation greenness and temperature, and 





Figure 2.3: The average of partial correlation coefficients between vegetation and 
precipitation (a), VPD (b), and temperature (c) for different ecosystems. The 
mean annual temperature and aridity index for different land cover types (d). 
Warm–cold colors represent different ecosystems from arid (aridity index < 
0.65) to humid (aridity index ≥ 0.65) regions, corresponding to the same 
colors in Figure 2.1. 
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2.3.3 Connection to plant hydraulics-related properties  
In this section, we analyze the relationships between partial correlation coefficients 
(PCCs) and different plant hydraulics-related properties, including canopy height, above 
and below ground biomass, and isohydricity. There is a positive correlation between 
canopy height and above/below biomass. Therefore, the relationship between a given PCC 
and canopy height is similar to the relationship between that PCC and above/below ground 
biomass. In the following analysis, we compared the relationships of PCCs and plant 
hydraulics-related properties between the arid ecosystems (i.e., grass and open shrub) and 
the humid ecosystems (i.e., mixed forest, evergreen needleleaf forest, natural vegetation 
mosaic, woody savannas). 
For NDVI-precipitation, the positive correlation coefficients of the arid grass 
ecosystem show a decreasing with above and below ground biomass (Figures 2.4a–2.4c). 
With larger values of these properties, the grass ecosystem potentially has more and deeper 
roots to access deeper soil moisture and hence tend to a less positive sensitivity to 
precipitation. Open shrub ecosystem shows slightly different patterns with the grass 
ecosystem, which could be due to the limitation of NDVI and biomass datasets as the 
vegetation here is very sparse. It should be noted that canopy height dataset is the 
measurements for tree height and is thus not proper descriptor for grasslands and open 
shrub ecosystems, but it still shows some similar patterns for precipitation correlations. 
However, the humid ecosystems have negative precipitation correlation coefficients, and 
also show increasing trends with canopy height, and above and below ground biomass. 
Isohydricity in general have a different relationship with the NDVI-precipitation 
partial correlation coefficients for arid and humid ecosystems (Figure 2.4d). For arid grass 
ecosystem, the positive PCC increases with isohydricity. This is because larger isohydricity 
values (i.e., more anisohydric behavior) tends to open stoma longer under dry conditions, 
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requiring higher water consumption and hence illustrating more positive NDVI-
precipitation correlations. For the humid ecosystems, there are no apparent patterns of the 
PCCs with isohydricity because these ecosystems are generally less water-limited. But for 
the relative short-term drought events when water is more limited, which is not our goal 
here, the precipitation correlation patterns may be different. Another possible reason is that 
the isohydricity dataset is computed based on the assumption of negligible plant water 
storage. This could lead to underestimation of isohydricity in ecosystems with high 
coverage of forest (Konings et al., 2017). 
 
Figure 2.4: The relationships between partial correlation coefficients of NDVI-
precipitation and plant hydraulics-related properties, (a) canopy height, (b) 
above ground biomass (ABGB), (c) below ground biomass (BLGB), and (d) 
isohydricity (ISO). The colored half-transparent dots and its regression line 
shows how partial correlation coefficients change with different plant 
hydraulics-related properties. Different colors are for different ecosystem, 
corresponding to the same colors in Figure 2.1.  
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Generally, both arid and humid ecosystems show similar patterns between PCCs of 
NDVI-VPD and plant hydraulics-related properties. There are overall increase patterns of 
negative correlation coefficients with the increase of canopy height and more above and 
below ground biomass. Ecosystems with larger vales of these properties potentially have 
more and deeper roots to access more available water and also have larger plant water 
storage, and hence have more water supply and less negative PCCs of NDVI-VPD. For the 
isohydricity (Figure 2.5d), the correlation coefficients show decreased patterns with 
isohydricity. Anisohydric plants tend to open the stoma longer under dry conditions, and 
hence are more negative impacted by VPD. 
 
 
Figure 2.5: Similar to Figure 2.4 but for the PCCs of NDVI-VPD. 
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For the arid grass ecosystems, the PCC of NDVI-temperature shows increasing patterns 
with larger values of canopy height, above and below ground biomass (Figures 2.6). Grass 
with larger these properties could potentially access more soil moisture, and hence better 
use the thermal condition. Most of the ecosystems show the PCCs of NDVI-temperature 
increase with the isohydricity. This could be because anisohydric plant tends to open stoma 
longer under dry conditions and better utilize the thermal conditions. 
 
 
Figure 2.6: Similar to Figure 2.4 but for the PCCs of NDVI-temperature. 
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2.4 DISCUSSION AND CONCLUSIONS 
Precipitation has positive effects on vegetation greenness (i.e., NDVI) for arid 
ecosystems (i.e., grass and open shrub) and negative effects on humid ecosystems (e.g., 
forests) in the study region. Overall, VPD has negative correlations with vegetation 
greenness, but the temperature has positive effects on vegetation greenness. These 
hydroclimatic factors are expected to impose more challenging conditions for vegetation 
greenness under climate change. The western US has experienced severe and persistent 
drought in the past decades (Williams et al., 2020). Future aridity and drought are expected 
to increase in the American Southwest and Central Plains (Cook et al., 2015; Ukkola et al., 
2020). These arid ecosystems and humid forest ecosystems will be threatened by 
decreasing water supply. Besides, the sharp increase of VPD after the late 1990s induces 
the stalled or reversed vegetation growth (e.g., leaf area index) globally, and the rising 
projected VPD is expected to continuously impact the vegetation growth (Yuan et al., 
2019) and crop yield (Rigden et al., 2020). Most ecosystems in North America are 
generally under their optimal temperature (Huang et al., 2019), and hence vegetation 
growth is positively related to temperature increase. Higher springtime temperatures start 
the growing season earlier and lead to larger vegetation productivity (Richardson et al., 
2020; Zhang et al., 2020). However, these positive effects could decline with the increase 
of associated extreme events (e.g., extreme hot events, Piao et al., 2014). 
Plant hydraulics-related properties affect vegetation's sensitivity to hydroclimatic 
factors, especially the water availability factor (e.g., precipitation) and the water demand 
factor (i.e., VPD). Generally, plants with higher values of height and biomass are less 
sensitive to precipitation and VPD. For the arid ecosystems (i.e., grass), larger biomass 
probably tends to have more & deeper roots to access more water and, therefore, decreases 
sensitivity to precipitation and VPD. For the humid ecosystems, larger biomass also 
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enables more available water access and plant water storage, reducing the VPD's adverse 
effects on vegetation greenness. Giardina et al. (2018) showed a similar finding that tall 
Amazonian forests are less sensitive to precipitation variability than shorter forests. But 
meanwhile, larger biomass of forest ecosystems probably needs more water consumption 
and consequently reduces the negative impact of precipitation. 
Isohydricity is an indirect proxy for plant hydraulic strategy, and shows different 
influence on the sensitivity of vegetation greenness to hydroclimatic factors for arid and 
humid ecosystems. More anisohydric plants tend to open stoma longer under dry conditions 
and could consume more water if available. Therefore the vegetation greenness of the arid 
grass ecosystem is more positively correlated to precipitation. Meanwhile, anisohydric 
plants tend to expose longer under a dry atmosphere, and hence vegetation greenness is 
more negatively sensitive to VPD. Compared with the isohydric humid ecosystem, 
anisohydric humid ecosystems are more sensitive to VPD than to precipitation. Therefore, 
the projected rising VPD could have stronger effects than the precipitation on the humid 
anisohydric ecosystem. For the arid grass ecosystem, the vegetation greenness of 
anisohydric ecosystems is equally sensitive to precipitation and VPD. Instead, Konings et 
al. (2017a) found that the sensitivity of NDVI to precipitation is smaller than the sensitivity 
to VPD for more anisohydric grasslands. These different patterns for grass ecosystems 
could be because our analysis focuses on a longer and more general condition with both 
drought and wet years, but Konings et al. (2017) focused on drought years when water is 
more limited. 
Our study highlights the importance of plant hydraulics-related properties on the 
coupling strength between vegetation greenness and hydroclimatic factors (i.e., VPD and 
precipitation). Most current Earth system models (ESMs) do not explicitly represent the 
plant hydraulic processes without considering the plant hydraulic strategies in leaves, 
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xylem, and roots (Li et al., 2020; Konings et al., 2017a). Liu et al. (2020) show that plant 
hydraulics can improve the response of evapotranspiration under the stress of VPD and soil 
moisture compared with approaches commonly used in Earth system models. Plant 
hydraulics are increasingly represented in large-scale models (e.g., the Noah-MP-PHS, Li 
et al., 2020; PHS in CLM5, Kennedy et al., 2019). Such models, along with hydraulic trait-
based vegetation representation, can help improve carbon and water fluxes simulations, 
particularly in cases of water stress conditions. 
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2.5 SUPPLEMENTARY  
Value Name Short name Description 
0 Water WTR 






Dominated by evergreen conifer trees (canopy >2m). 





Dominated by evergreen broadleaf and palmate trees 





Dominated by deciduous needleleaf (larch) trees 





Dominated by deciduous broadleaf trees (canopy >2m). 
Tree cover > 60%. 
5 Mixed forest MF 
Dominated by neither deciduous nor evergreen (40–
60% of each) tree type (canopy >2m). Tree cover > 
60%. 
6 Closed shrublands CS 
Dominated by woody perennials (1-2m height) > 60% 
cover. 
7 Open shrublands OS 
Dominated by woody perennials (1-2m height) 10–60% 
cover. 
8 Woody savannas WS Tree cover 30-60% (canopy > 2m). 
9 Savannas SAV Tree cover 10-30% (canopy > 2m). 
10 Grasslands GRS Dominated by herbaceous annuals (< 2m). 
11 Permanent wetlands PWT 
Permanently inundated lands with 30-60% water cover 
and > 10% vegetated cover. 
12 Croplands CRP At least 60% of area is cultivated cropland. 
13 Urban and built-up UBN 
At least 30% impervious surface area including 
building 





Mosaics of small-scale cultivation 40-60% with natural 
tree, shrub, or herbaceous vegetation. 
15 Snow and ice SNW 
At least 60% of area is covered by snow and ice for at 
least 10 months of the year. 
16 
Barren or sparsely 
vegetated 
BRN 
At least 60% of area is non-vegetated barren (sand, 
rock, soil) areas with less than 10% vegetation. 
Table 2.2: MODIS-International Geosphere-Biosphere Programme (IGBP) legend and 




Figure 2.7: Plant hydraulics-related properties (a) canopy height, (b) above ground 




Figure 2.8: (a) Aridity index and (b) mean annual temperature. 
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Chapter 3:  Development of Plant Hydraulics in the Noah-MP Land 
Surface Model 
ABSTRACT 
Plants are expected to face increasing water stress under future climate change. 
Most land surface models, including Noah-MP, employ an idealized “big-leaf” concept to 
regulate water and carbon fluxes in response to soil moisture stress through empirical soil 
hydraulics schemes (SHSs). However, such schemes have been shown to cause significant 
uncertainties in carbon and water simulations. In this paper, we present a novel plant 
hydraulics scheme (PHS) for Noah-MP (hereafter, Noah-MP-PHS), which employs a big-
tree rather than big-leaf concept, wherein the whole-plant hydraulic strategy is considered 
including root-level soil water acquisition, stem-level hydraulic conductance and 
capacitance, and leaf-level isohydricity and hydraulic capacitance. Evaluated against plot-
level observations from the University of Michigan Biological Station and compared with 
the default Noah-MP, Noah-MP-PHS better represents plant water stress and improves 
water and carbon simulations, especially during periods of dry soil conditions. Additional 
improvements include the simulation of the asymmetrical diel cycles of transpiration and 
gross primary production under low soil moisture conditions, with higher fluxes in the 
morning than in the afternoon. Noah-MP-PHS is able to reproduce different patterns of 
transpiration, stem water storage and root water uptake during a two-week dry-down period 
for two species with contrasting plant hydraulic behaviors, i.e., the “cavitation risk-averse” 
red maple and the “cavitation risk-prone” red oak. Sensitivity experiments with plant 
hydraulic capacitance show that the stem water storage enables nocturnal plant water 




Transpiration by plants is the dominant component of total terrestrial 
evapotranspiration (Jasechko, 2013; Schlesinger et al., 2014; Good et al., 2015). This 
process couples the water and carbon cycles and controls surface energy partitioning, thus 
playing a principal role in land surface and atmosphere/climate feedbacks (Bonan et al., 
2008; Matheny et al., 2014a). A warming climate is expected to intensify the global 
hydrological cycle and induce more frequent and severe droughts (Dai 2013; Li et al., 
2020). Rising temperatures will likewise cause an increase in atmospheric vapor pressure 
deficit (Grossiord et al., 2020). Plants, therefore, are expected to face more hydroclimatic 
stresses due to decreasing soil water supply alongside increasing atmospheric demand 
(McDowell et al., 2008; Anderegg et al., 2012; Anderegg et al., 2018). It is crucial to 
understand and simulate the dynamics of transpiration in order to better predict ecosystem–
atmosphere feedbacks in water, carbon, and energy exchange (Bonan et al., 2008; Allen et 
al., 2010; Choat et al., 2012; Sperry et al., 2016; Lemordant et al., 2018). 
As a key component of Earth system models (ESMs), land surface models (LSMs) 
simulate water, carbon and energy fluxes, and are used for drought/flood prediction, 
weather forecasts, and climate prediction (Yang et al., 2011; Bonan & Doney et al., 2018). 
The majority of LSMs use an idealized “big leaf” to represent all vegetation functions as a 
single leaf or a pair of leaves (sunlit and shaded) (Luo et al., 2018). Within the big-leaf 
framework, LSMs do not resolve water-state variables within plants and therefore do not 
have the ability to explicitly represent the plant water-stress status. Therefore, most LSMs 
typically parameterize the effects of soil water stress on vegetation and thus surface fluxes 
(i.e., water, carbon and energy fluxes) using empirical functions based on either soil water 
content or soil water potential (Egea et al., 2011; Verhoef & Egea, 2014; Powell et al., 
2013; Sitch et al., 2015). These traditional schemes, which we refer to as soil hydraulics 
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schemes (SHSs), depend on soil hydraulic properties and a few plant functional related 
parameters (e.g., root distribution), but the role of plant traits (e.g., xylem conductivity) in 
controlling transpiration is largely ignored (Christoffersen et al., 2016). Many such models 
are satisfactory when soil moisture is adequate for transpiration, but most are unable to 
simulate water and carbon fluxes well under water-limited conditions (e.g., Calvet et al., 
1998; Grant et al., 1999; Tuzet et al., 2003). Additionally, these LSMs fail to capture the 
asymmetry of daytime water and carbon fluxes under conditions of low soil moisture 
content, resulting in underestimation (overestimation) of fluxes in the morning (afternoon) 
(Matheny et al., 2014a; Tuzet et al., 2003). Therefore, SHS functions have been shown to 
contribute significant uncertainty to water and carbon simulations by LSMs (Dirmeyer et 
al., 2006; Niu et al., 2011; Trugman et al., 2019a; Kennedy et al., 2019).  
Transpiration is regulated dynamically through the stomatal aperture, which, in 
many cases, is governed by water status and plant hydraulic properties (Sperry, 2000; 
Buckley 2005; Skelton et al., 2015; Matheny et al., 2017; Anderegg et al., 2018). Water 
movement through plant vascular systems is regulated by the whole-plant hydraulic 
strategy, which is the culmination of emergent phenotypical hydraulic functional traits at 
the leaf, stem, and root levels (Matheny et al., 2017; McCulloh et al., 2019). At the leaf 
level, there are two opposing strategies for the regulation of stomatal openness in facing 
water stress: isohydricity, in which plants readily close stomata to maintain a steady and 
high leaf water potential (LWP) and conserve water; and anisohydricity, in which plants 
maintain open stomata longer while incurring highly negative LWP to maximize carbon 
uptake. Most plants operate along a range of intermediate strategies between these two 
extremes (McDowell et al., 2008; Skelton et al., 2015; Blackman 2018; Zhu et al., 2018). 
At the stem level, plants differ in their xylem architecture, including ring-porous, diffuse-
porous, and tracheid-based types (Oren et al., 1999; Matheny et al., 2017). The diversity of 
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xylem architecture and physiology alongside numerous other vessel traits (e.g., vessel 
diameter, density and interconnectedness) determine xylem hydraulic functioning and its 
resistance to hydraulic impairment (cavitation) (Pockman & Sperry, 2000; Choat et al., 
2012). The ability of a plant to store water, or its hydraulic capacitance, likewise plays a 
critical role in regulating the water status and tree function on time scales ranging from diel 
to seasonal (Matheny et al., 2015; Matheny et al., 2017; Yan et al., 2020). Plant hydraulic 
control also results from the properties of root systems and the rhizosphere, such as rooting 
depth and vertical distribution, lateral extent and competitive dynamics, fine root area, 
water extraction efficiency, mycorrhizal interactions, and hydraulic redistribution 
(Canadell et al., 1996 & 2007; Allen, 2009; Reichstein et al., 2014; Wullschleger et al., 
2014). The incorporation of a holistic, whole-plant hydraulic strategy in place of the more 
traditional semi-empirical SHS approach, along with hydraulic trait-based vegetation 
representation, can serve to improve simulations of carbon and water fluxes, particularly 
in cases of drought and other disturbances (Christoffersen et al., 2016; Mirfenderesgi 2019; 
Kennedy et al., 2019). 
Mechanistic modeling of plant hydraulics has advanced in recent decades and 
shown clear evidence of providing a better representation of the vegetative regulation of 
global carbon and water fluxes (Anderegg and Martin, 2020; McDowell et al., 2019; 
Mencuccini et al., 2019; Anderegg et al., 2018; Mackay et al., 2015; Hunt et al., 1991). 
There are three broad categories of plant hydraulics models, although all vary in their 
parameterization and implementation (see section 2.2 for details). The first category of 
model is the pipe model (PPM), which treats the water movement within vascular conduits 
as laminar flow through pipes (Shinozaki et al., 1964a & 1964b; McCulloh et al., 2003; 
Lehnebach et al., 2018). A PPM commonly simulates water flow based on the Hagen–
Poiseuille law and allometric scaling laws, and is typically applied in tree-level simulations 
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(Roderick and Berry, 2001; Savage et al., 2008; Mrad et al., 2018). The second category is 
the electrical analogy model (EAM), which conceptualizes water flow through plants as 
being analogous to the current through an electric circuit with series of resistance and/or 
capacitance (Sperry et al., 1998). The third category is the porous media model (PMM), 
which assumes that water movement through interconnected tracheids or xylem vessels 
resembles porous media flow (Chuang et al., 2006; Bohrer et al., 2005). PMMs can 
describe in detail the spatiotemporal dynamics of a tree’s hydraulic system, but at the cost 
of substantial computational and parametric demands. Among these three types, EAMs 
require relatively few parameters and have low computational demands, making them 
easier to apply within large-scale simulations.  
Given the advancements in theory development, physical-based models, and data 
availability (e.g., in-situ plant hydraulic traits and vegetation water status–related remote 
sensing observations), mechanistic representations of plant hydraulic process are 
increasingly being incorporated into LSMs to improve water and carbon simulations 
(Hickler et al., 2006; Luo et al., 2013; Christoffersen et al., 2016; Kennedy et al., 2019; 
Yan et al., 2020; Eller et al., 2020). It should be pointed out that one of the earliest examples 
for considering plant hydraulics in LSMs dates back to the work of Sellers et al. (1986); 
they employed the term “leaf water potential” in describing their Simple Biosphere (SiB) 
model for use within general circulation models, although SiB did not account for stem 
hydraulic capacitance. Recent examples include the Community Land Model, version 5 
(CLM5; Kennedy et al., 2019) and the Joint UK Land Environment Simulator (Eller et al., 
2020).  However, relatively few new LSMs consider the whole-plant hydraulic strategy 
and include an explicit representation of plant hydraulic capacitance. In this paper, we 
present a novel EAM-type plant hydraulics scheme (PHS; Williams et al., 1996; Xu et al., 
2016) for land surface modeling within the community Noah land surface model with 
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multiparameterization options (Noah-MP) (Niu et al., 2011; Yang et al., 2011). Noah-MP 
is a primary model employed in the NASA Land Information System (Kumar et al., 2006), 
the next phase North American Land Data Assimilation System (Xia et al., 2012), the 
Weather Research and Forecasting model (Skamarock et al., 2019), and the National Water 
Model (Cosgrove et al., 2016). Noah-MP is also widely used for operational weather and 
climate predictions (e.g., NOAA/National Centers for Environmental Prediction). In this 
paper, we hypothesize that: 
1. By implementing plant hydraulics theory, the new PHS can better represent plant 
water stress during dry soil conditions and correspondingly improve water and carbon 
simulations. 
2. PHS can capture the asymmetrical diel cycles, with higher fluxes in the morning 
than the afternoon, of transpiration and gross primary production under conditions of low 
soil moisture content. 
3. Parameterization schemes used within PHS can replicate different hydraulic 
behaviors between species with different hydraulic strategies (i.e., isohydric vs. 
anisohydric). 
4. Plant hydraulic capacitance within PHS will enable nocturnal plant water 
recharge and help relieve xylem hydraulic stress. Plant hydraulic capacitance also plays a 
vital role in water and carbon simulations during soil moisture dry-down periods. 
Section 2 describes the default SHSs of the host model (i.e., Noah-MP), reviews 
commonly used plant hydraulics models, and introduces an appropriate PHS for use in 
Noah-MP. Section 3 presents the datasets and experimental design. Model simulation 
results are examined in Section 4, followed by conclusions and discussion in Section 5.  
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3.2 MODEL DESCRIPTION  
3.2.1 Traditional soil hydraulics scheme in Noah-MP 
Noah-MP is used as the baseline model, in which the plant water stress factor (β) 
represents the effect of water stress on plant water and carbon fluxes. There are three 
default β schemes available within Noah-MP. These schemes are all empirical functions 
based on either soil moisture or soil water potential (Niu et al., 2011). We reference these 
default schemes as SHSs (see Figure 3.1a). β is used to regulate the stomatal conductance, 
through net photosynthesis in the Ball–Berry-type stomatal resistance scheme (Niu et al., 
2011). Transpiration is calculated, which is directly deducted from the root zone soil 
moisture.  
Transpiration (TR in Eq. 3.1 and subsequent equations) water extraction is 




∙ TR,                           (Eq. 3.1) 
where β is calculated as the root ratio (𝑟𝑖) weighted average of the soil layer wilting factor 
(𝑤𝑖) among 𝑁𝑟 soil layers:  
𝛽 = ∑ 𝑟𝑖 ∙ 𝑤𝑖
𝑁𝑟
𝑖=1 ,                        (Eq. 3.2) 
Three default SHSs have different parameterizations for 𝑤𝑖  (0 ≤ 𝑤𝑖 ≤ 1): 
(1) The Noah-type SHS (Chen and Dudhia, 2011) is represented as a function using 




,                         (Eq. 3.3) 
where 𝜃wilt and 𝜃ref (units: m3/m3) are soil moisture at the wilting point and a reference 
soil moisture at field capacity, respectively.  
(2) The CLM-type SHS (Oleson et al., 2004; Yang and Dickinson, 1996) depends 





                        (Eq. 3.4) 
where 𝜓𝑖 = 𝜓sat ∙ (
𝜃liq,𝑖
𝜃sat
)−𝑏  is the matric potential of the soil layer 𝑖 , 𝜓sat  is the 
saturated matric potential, and 𝜓wilt is the soil matric potential reaching the wilting point. 
(3) The SSiB-type SHS (Xue et al., 1991) is also based on soil matric potential:  
𝑤𝑖 = 1 − 𝑒
−𝐶2ln (𝜓wilt 𝜓𝑖⁄ )                  (Eq. 3.5) 
where 𝑐2 is a slope factor ranging from 4.36 for crops to 6.37 for broadleaf shrubs. 
3.2.2 Plant hydraulics model 
Here, we briefly introduce the commonly used models for plant hydraulics 
processes (Table 3.1). There are three broad categories of plant hydraulics modeling 
strategies (Mencuccini et al., 2019; McDowell et al., 2019): 
(1) PPMs treat the water movement within vascular conduits as laminar flow 
through pipes (Shinozaki et al., 1964a & 1964b; McCulloh et al., 2003; Lehnebach et al., 
2018). These idealized vertical, parallel pipes can be either connected or disconnected from 
adjacent pipes depending on model assumptions. The flow through each pipe is commonly 
simulated by the Hagen–Poiseuille law (Roderick and Berry, 2001; Mrad et al., 2018). 
Some of these models (e.g., the WBE model; West et al., 1999; Savage et al., 2008) use 
additional allometric scaling laws to describe vascular architecture, such as conduit taper, 
and further consider hydraulic trade-offs (e.g., the Botanical Network Model; Savage et al., 
2010). The network model proposed by Mrad et al. (2018) based on xylem anatomy and 
simulates lateral embolism spread, providing another solution to further explore xylem 
tissue hydraulic behavior and vulnerability to cavitation. 
(2) EAMs conceptualize water flow through plants as being analogous to the 
current through an electric circuit with series of resistance and/or capacitance (Sperry et 
al., 1998). An EAM is based on an ordinary differential equation and has high 
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computational efficiency. EAMs have two subcategories: resistor model (RMs) and 
resistance–capacitance models (RCMs). An RM regards plant hydraulics as a resistor (or a 
series of resistors) to transport water flow. Sellers et al. (1986) proposed an RM in the SiB 
model, which included two resistors: averaged plant vascular resistance and soil-root 
resistance. Other examples include the plant hydraulics schemes developed by Sperry et 
al. (1998), the SOX scheme developed by Eller et al. (2018), and the PHS scheme in CLM5 
(Kennedy et al., 2019). Besides the resistor, RCMs also consider plant-water storage or 
capacitance, e.g., the schemes developed by Sperry et al. (1998), Steppe et al. (2006), 
Gentine et al. (2016), and Xu et al. (2016). The hydraulic capacitance, especially for large 
trees, has been demonstrated by field observation to play a critical role in regulating 
transpiration at both short- and long-term scales (Matheny et al., 2015; Matheny et al., 
2017; Yan et al., 2020).   
(3) PMMs assume that water movement through interconnected tracheids or the 
xylem resembles porous media flow (Chuang et al., 2006; Bohrer et al., 2005). A PMM 
typically uses the Richards equation for non-saturated porous media flow, which combines 
the continuity equation with Darcy’s law, leading to a nonlinear partial differential 
equation. Therefore, these models can describe in detail the spatiotemporal dynamics of a 
tree’s hydraulic system, but at the cost of substantial computational and parametric 
demands. The architecture of PMMs ranges from single beam (stem only) models (Chuang 
et al., 2006; Mirfenderesgi et al., 2016 & 2019; Yan et al., 2020), to the FETCH model 
with a three-dimensional stem and branch structure (Bohrer et al., 2005), to the Xylem 
Water Flow (XWF) model including root, stem, and branches (Janott et al., 2011; Bittner 
et al., 2012).  
Compared with PPMs and PMMs, EAMs require relatively few parameters and low 
computational demand. Therefore, they are highly suitable for use within LSMs or ESMs 
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on a large spatial scale. In particular, RCMs consider the whole-plant hydraulic strategy as 
well as plant water storage, which is promising for use in LSMs. 
 
 
Plant hydraulics model type 
Pipe model 
Electric analogy model Porous media model 
Resistor model Resistor-capacitance model  
Vascular architecture 
assumption 
Series of pipes 
Electric circuit with 
resistance 
Electric circuit with 
resistance and capacitance 
Continuous porous media 
Storage inclusion Yes/No No Yes Yes 
Governing law or 
equation 
Hagen–Poiseuille law, 
allometric scaling laws 
Darcy’s law Richards equation 
Typical model scale 
Tissue level, tree level, 
ecosystem level 
Tree level, cohort level, 
 stand level, ecosystem level 
Tree level, cohort level 
Computational demand Moderate to high Low to moderate High 
Example of  
evaluation data 
Tree-level measurements 





Many parameters  Some parameters  Many parameters 
Examples 
1. Pipe Model (Shinozaki 
et al., 1964a & b) 
2. WBE (West et al., 1999) 
3. Stem Hydraulic Model 
(Roderick and Berry, 
2001) 
4. Botanical Network 
Model (Savage et al., 
2010) 
5. Network Model (Mrad 
et al., 2018) 
6. Pipe Model in HOTTER 
(Trugman et al., 2019b) 
1. SiB (Sellers et 
al., 1986) 
2. SPA (Sperry et 
al., 1998) 
3. TREES (Mackay 
et al., 2011) 
4. SOX (Eller et al., 
2018) 
5.  PHS in CLM5 
(Kennedy et al., 
2019) 
1. SPA (Williams et al., 
1996) 
2. Dynamic Flow and 
Storage Model (Steppe et 
al., 2006) 
3. VIC+ (Luo et al., 2013) 
4. ED2-Hydro (Xu et al., 
2016) 
5. RCL Model (Zhuang et 
al., 2014) 
1. PM (Chuang et al., 2006) 
2. FETCH (Bohrer et al., 
2005) 
3. TFS v.1-Hydro 
(Christoffersen et al., 2016) 
4. XWF (Janott et al., 
2011) 
Table 3.1: Commonly used plant hydraulics models and their key features. 
3.2.3 Plant hydraulics scheme for Noah-MP 
We present a novel RCM-type PHS for use in Noah-MP based primarily on the 
works of Xu et al. (2016) and Williams et al. (1996). Our PHS is an EAM and similar to 
those that have been shown to perform well in previous studies (Xu et al., 2016). In 
particular, this PHS considers plant water storage in the stem and leaves. The internal plant 
water storage plays key roles in regulating the water economy and tree function on time 
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scales ranging from diel to seasonal (Yan et al., 2020), by maintaining daily transpiration, 
buffering drought impacts on xylem embolism and consequent hydraulic failure, 
supporting leaf growth in the dry season for seasonally deciduous trees, and so on 
(Goldstein et al., 1998; Meinzer, 2003; Huang et al., 2017).  
 
Figure 3.1: (a) Schematic representation of a traditional “big leaf” scheme. Such models 
assume leaves can directly access soil water from the root zone, distributing 
transpiration based on the wilting factor (Eq. 3.2) at each root zone layer. (b) 
Schematic representation of the plant hydraulics scheme, with physical 
representation of roots, stem, and leaf, separately. 
kleaf−atm. denotes the conductance from leaf to canopy air, consist of leaf 
boundary conductance and stomatal conductance. 
The governing equations of the PHS are primarily based on the conservation of 
mass and Darcy’s law, describing the relationships between plant water potential and plant 
water storage, plant water potential and hydraulic conductance, LWP, and plant water 
stress dynamics. Details are provided in the following subsections (2.3.1–2.3.4).  
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3.2.3.1 Water flux from soil to root  
Water flux (Q
𝑖
, units: mm/s) from soil to root within each soil layer 𝑖 of the root 
zone is driven by the water potential gradient between root water potential and soil matric 
potential (Ψsoil,𝑖, units: mm). For simplicity, the roots and stem are directly linked as one 
component at the base of the stem (Figure 3.1b). Root water potential within each soil layer 
drives the stem water potential (Ψstem, units: mm) at the ground surface. Soil-to-root water 
flux in the ith layer is calculated following Darcy’s law:  
𝑄𝑖 = 𝑘soil−root,𝑖 × (Ψsoil,𝑖 − Ψstem − Ψ𝑠,𝑖)                (Eq. 3.6) 
Q = ∑ 𝑄𝑖                                  (Eq. 3.7) 
where Q is the total water flux calculated as the sum of water flux at each layer 𝑄𝑖  (units: 
mm/s); and Ψ𝑠,𝑖  (units: mm) represents the specific gravitational water potential drop 
from soil layer 𝑖 to the base of the stem, and is equals to the depth from the center of the 
soil layer 𝑖 to the ground (ℎ𝑠,𝑖, units: mm). Symbol ksoil−root,𝑖 (units: s−1) is the hydraulic 
conductance from soil to root at layer 𝑖 and is calculated following Katul et al. (2003):  








               (Eq. 3.8) 
where Ksoil,sat is the hydraulic conductance at saturation, 𝜃liq,𝑖 represents the volumetric 
soil moisture in the ith layer, 𝜃sat is the volumetric soil moisture at saturation, and 𝑑𝑖 is 
the depth of the ith soil layer. 
Soil water potential Ψsoil,𝑖 (units: mm) is calculated based on Clapp & Hornberger 
(1978): 





                    (Eq. 3.9) 
where b is an empirical factor determined by soil texture. 
The root area index RAI𝑖 in soil layer i is based on the root fraction 𝑟𝑖 multiplied 
by the total root area (RAI) (Kennedy et al., 2019), which is the sum of the stem area index 
(SAI) and leaf area index (LAI), multiplied by the root-to-shoot ratio (𝑓root−shoot): 
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RAI𝑖 = 𝑓root−shoot ∙ (LAI + SAI) ∙ 𝑟𝑖.                  (Eq. 3.10) 
In this paper, hydraulic redistribution is prevented by setting Q
𝑖
 as 0 if the soil 
water potential in the ith layer is lower than the root water potential.  
3.2.3.2 Water flux from stem to leaf 
Sap flux from the base of the stem to the leaf J (units: mm/s) is computed based on 
Darcy’s law and is dependent on the xylem hydraulic conductivity K𝑠  (units: mm/s), 
sapwood area index 𝑆sap (sapwood area per ground area, units: m2/m2), and plant canopy 




               (Eq. 3.11) 
where Ψleaf (units: mm) is the LWP, Ψ𝑐 (units: mm) represents the specific gravitational 
water potential drop from the ground to the canopy (i.e., ℎ𝑐), 𝑎1 ∙ h𝑐  represents the length 
of the water flow route, and 𝑎1 is an empirical parameter; 







            (Eq. 3.12) 
where K𝑠,sat (units: mm/s) denotes the saturated xylem hydraulic conductivity, 𝑃50 is the 
stem water potential at 50% loss of conductivity, and 𝑎2 is an empirical parameter. 
3.2.3.3 Update of the water potential  
The changes in the leaf and stem water storages leads to the changes of the leaf and 




Q  −J  
Cstem×Vsap




J  −TR  
Cleaf×LAI
                       (Eq. 3.14) 
where dt (units: s) is the calculation time step; Cleaf (unitless) and Cstem (units: m−1) 
are the leaf and stem water capacitances, respectively; and LAI (units: m2/m2) and Vsap 
(units: m3/m2) are the leaf area index and sapwood volume index, respectively.  
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3.2.3.4 Calculation of plant water stress 
LWP is used to formulate the plant water stress (β) with higher fidelity (Xu et al., 
2016):  
𝛽 = [1 + (
𝜓leaf
TLP
)𝑎3]−1                   (Eq. 3.15) 
where TLP (units: mm) is the turgor loss point, i.e., the LWP when the photosynthetic 
capacity rate halves, and 𝑎3  is an empirical parameter. These PHS parameters are 
summarized in Table 3.2. is a.  
 
 Parameter Description Units 
Leaf 
TLP Turgor loss point (LWP when photosynthetic capacity rate halves) mm 
Cleaf Leaf water capacitance 1 
𝑎3 Empirical parameter controlling plant water stress unitless 
Stem 
(xylem) 
K𝑠,sat Sapwood-area-specific saturated xylem hydraulic conductivity mm/s 
𝑃50 Stem water potential at 50% loss of conductivity mm 
Cstem Stem water capacitance m–1 
𝑆sap Specific sapwood area index m2/m2 
Vsap Specific sapwood volume index m3/m2 
h𝑐 Canopy height mm 
𝑎1 Empirical parameter controlling length of water flow route unitless 
𝑎2 Empirical parameter controlling xylem hydraulic conductance unitless 
Root 
𝑓root−shoot Fine root area to shoot (i.e., leaf area + stem area) ratio m2/m2 
Root depth Fine rooting depth (also used in SHSs) m 
Root ratio Fine root distribution in root zone each layer (also used in SHSs) unitless 
Table 3.2: Parameters used in the plant hydraulics scheme. 
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3.3 METHODS  
3.3.1 Data 
Model evaluation was conducted based on observations from the University of 
Michigan Biological Station (UMBS) located in Northern Lower Michigan, USA. The 
annual average precipitation of this site is 805 mm, and its annual mean temperature is near 
6.8°C (Matheny et al., 2014b). The soil texture at UMBS is dominated by extremely well-
drained spodosols and contains 92% sand, 7% silt, and 1% clay (He et al., 2013). Mean 
canopy height is approximately 29 m. Fluxes, meteorological forcing, and tree-level and 
plot-level biological data are available from the AmeriFlux database (site-ID: US-UMB). 
Observations used in this study include soil moisture (units: m3m−3; at the depths of 5, 
15, 30, 60, 100, 200 and 300 cm), gross primary production (units: µmol CO2 m−2s−1), 
and sap flux. Matheny et al. (2014b) scaled measured values of tree-level sap flux to the 
equivalent plot-level sap flux with good agreement. Here, we use the sap flux as a proxy 
of transpiration. It should be noted that, commonly, there is a time lag between sap flux 
and transpiration, typically on the order of 30 to 90 mins. We adjusted the sap flux time 
series to match its peak with the peak of the net radiation based on half-hourly data for 
each day.  
Tree-level measurements were also used to evaluate our tree-level simulations. 
Matheny et al. (2016) found that during an inter-storm dry period (day of year (DOY) 211–
224 in 2014), red maple (Acer rubrum) sap flux and stem water storage were strongly 
reduced, while red oak (Quercus rubra) water fluxes were only slightly affected. The 
diverging hydraulic strategies between red oak (deep root structure, large xylem vessels, 
anisohydric) and red maple (shallow root mat, small xylem vessels, isohydric) provide an 
ideal experiment to test our newly developed PHS. LWP was measured in canopy-top 
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leaves exposed to full sun of mature red oak and red maple trees using a pressure chamber 
(Model 600 PMS Instrument Co., Corvallis, OR, USA; see details in Matheny et al., 2016). 
LWP measurements were made at roughly 06:00 (dawn), 13:30 (noon), and 16:00 
(afternoon) from June 23 to July 12, 2014 (DOY 174–193). Stem water storage and sap 
flux were continuously monitored in one mature, canopy-dominant individual of each 
species (i.e., one red oak and one red maple) in 2014 (Matheny et al., 2016). Sap flux was 
also adjusted to match the peak of net radiation. The canopy height, crown area, and 
sapwood area for the red maple (oak) tree are 27.4 (31.3) m, 40.1 (50.1) m2, and 252.3 
(342.3) cm2, respectively.  
The model soil hydraulic properties and root vertical distribution were set based on 
site observations. Soil hydraulic parameters were derived from pedotransfer functions 
(Saxton et al. 1986) using the percentages of sand, silt, and clay (92%, 7%, and 1%) for 
our plots (He et al., 2013). Specifically, we set the soil moisture at the wilting point as 
0.033 m3/m3, the reference soil moisture at field capacity as 0.099 m3/m3, and the soil 
porosity as 0.265 m3/m3. 
By default, the fine root ratio at each layer is proportional to the soil layer thickness 
(i.e., 10 cm, 30 cm, 60 cm, and 100 cm for the 1st–4th soil layer), i.e., evenly distributed 
fine root density at each layer (i.e., 0.05, 0.15, 0.3, 0.5 for the 1st–4th layer). Instead, we 
updated the fine root ratio based on the fine root biomass measurements at UMBS (He et 
al., 2013). The updated root ratios are 0.316, 0.465, 0.196 and 0.023 for the 1st to 4th layer, 
respectively (the oak simulation used a different set of root ratios; see details below).  
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3.3.2 Plot-level and tree-level experiments  
We conducted plot-level simulations about 180 ha in area and comprising 99% of 
the flux footprint of the US-UMB flux tower, to evaluate the newly developed PHS (Table 
3.3). The upscaled sap flux (i.e., transpiration) and flux tower GPP were used to evaluate 
model performance and explore whether PHS could improve water and carbon simulations. 
We focus on the growing season of 2013–2014 (DOY 153–262 in 2013 and 191–257 in 
2014).  
Red maple and red oak are two codominant mid-successional tree species at UMBS. 
Red maple favors a “cavitation risk-averse” hydraulic strategy, while red oak employs a 
“cavitation risk-prone” hydraulic strategy. These two species have different hydraulic traits 
within the roots, xylem, and leaves (Thomsen et al. 2013; Matheny et al., 2014b). 
Therefore, we have an ideal testbed to evaluate the capabilities of PHS for species with 
divergent hydraulic strategies. We conducted tree-level simulations for a red oak tree and 
a red maple tree based on tree-level measurements of transpiration and stem water storage. 
We focused only on the plant hydraulics process and constrained the simulations using 
observed soil moisture. Matheny et al. (2016) suggested that red maple predominantly uses 
shallow water sources, while red oak can use a deeper and less variable water source. Fan 
et al. (2007) summarized that the measured average rooting depth for maple and oak is 1.75 
m and 5.23 m, respectively. Therefore, for the red maple simulation, we kept the same 
rooting depth and root ratios as the plot-level simulation. But for the oak simulation, we 
set a deeper rooting depth (as 10 m), and the root ratios were based on the vertical fine root 
measurements of mixed pedunculate oak and sessile oak from Bréda et al. (1995). To 
mimic the oak using deeper water sources, we calibrated a constant soil moisture for the 
4th soil layer, considering there was no substantial drought affecting the groundwater 





Plot-level Red maple Red oak 
Period 
Growing season in 2013 
and 2014 
Growing season in 2014 Growing season in 2014 
Forcing Flux tower Flux tower Flux tower 
Soil moisture Model simulation 
1st–4th layer soil moisture 
observation constrain 
1st–3rd layer soil moisture 
observation and virtual 4th 
layer soil water constrains 
Soil layer thickness 
(1st–4th layer) 
0.1 m, 0.3 m, 0.6 m, 1.0 m 
(total: 2 m) 
0.1 m, 0.3 m, 0.6 m, 1.0 m 
(total: 2 m) 
0.1 m, 0.3 m, 0.6 m, 9.0 m 
Totally 10 m 
Fine root ratio 
(1st–4th layer) 
0.33, 0.47, 0.18, 0.02 
(He et al., 2013) 
0.33, 0.47, 0.18, 0.02 
(He et al., 2013) 
0.22, 0.41, 0.28, 0.09 





Constant virtual soil moisture 
at the 4th soil layer 
Table 3.3: Model setup for plot-level and tree-level simulations. 
3.3.3 Sensitivity experiments of plant capacitance 
As described in section 2.2, there are two types of EAM, i.e., RM and RCM, 
frequently employed for large-scale plant hydraulic modeling. The difference between 
them is whether they consider the plant hydraulic capacitance. To understand the role of 
plant water storage on the hydraulic process, we further conducted a series of tree-level 
sensitivity experiments during the 2014 dry-down period. These experiments applied the 
same experiment settings as the red maple simulation (see Section 3.3), i.e., the same 
calibrated parameters and boundary conditions (soil moisture and forcing), but by using a 
series of stem hydraulic capacitance. 
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3.3.4 Model calibration 
We use the root-mean-square error (RMSE) and the modified Kling–Gupta 
Efficiency (KGE; Kling et al., 2012) to evaluate model performance. KEG computes the 
Euclidian distance between the ideal point and three components, including the correlation 
coefficient (CC), bias ratio (BR), and variability ratio (VR) (see details in Gupta et al., 
2009 and Kling et al., 2012).  
The key PHS parameters (Table 3.1) were calibrated for the above three 
experiments, i.e., one plot-level experiment, and two tree-level experiments (the red maple 
and red oak simulations). For each experiment calibration, we set an ensemble run to 
optimize the model outputs to match the observations, i.e., plot-level sap flux and GPP for 
the plot-level simulation, and sap flux and stem water storage of one red maple and one red 
oak for the tree-level simulation. The calibrated key parameters are shown in Table 3.6. 
3.4 RESULTS 
3.4.1 Plot-level evaluation 
3.4.1.1 Overall model performance 
We evaluated four configurations of Noah-MP with different water stress schemes, 
i.e., the Noah, CLM and SSiB SHS schemes, and the PHS scheme. The calibrated key 
parameters for PHS are listed in Table 3.6. Figure 3.2 compares the model simulations and 
observations at the daily time scale, and corresponding statistics are shown in Table 3.4. 
For the daily transpiration simulation, PHS shows the best performance compared with the 
three default SHSs, with the lowest RMSE (0.48 vs. 0.60, 0.57 and 0.60 10−5 mm/s) and 
the highest KGE (0.72 vs. 0.62, 0.54 and 0.48), and with particularly strong performance 
in terms of the CC and VR (see Table 3.7). For the daily GPP simulation, PHS performs 
better than the default SHSs, with a lower RMSE (2.10 vs. 2.96, 2.44 and 2.59 mol CO2 
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/m2/s) and a higher KGE (0.62 vs. 0.49, 0.54 and 0.48), and again with particularly strong 
performance in terms of the CC and VR (see Table 3.7). Similarly, PHS also has the best 
performance for transpiration and GPP at the hourly time scale (Table 3.7 and Figure 3.10). 
Besides the transpiration and GPP, the PHS-modeled daily soil moisture is better than that 
simulated 
 
Figure 3.2: Comparison of daily transpiration (TR) (a, b) and GPP (c, d) simulations 













RMSE KGE RMSE KGE 
Noah 0.60 0.62 2.96 0.49 
CLM 0.57 0.54 2.44 0.54 
SSiB 0.61 0.48 2.59 0.48 
PHS 0.48 0.72 2.10 0.62 
Table 3.4: Statistics of model performance at the daily time scale (best values are 
written in bold type). 
3.4.1.2 Model performance under different soil moisture 
We further analyzed the performance of the models under different soil moisture 
conditions (Figure 3.3). On each day, we calculated the KGE of different schemes using 
the hourly data, and then computed the difference of KGE (∆KGE) between the PHS and 
each default SHS (i.e., Noah, CLM, SSiB). Finally, we binned the ∆KGE using daily soil 
moisture observation into eight intervals (i.e., approximately 26 values of ∆KGE in each 
interval for each comparison between PHS with default SHS). Figure 3.3 shows the ∆KGE 
under different soil moisture conditions. Positive values indicate that PHS performs better 
(i.e., higher KGE) than the corresponding SHS. Compared with the Noah scheme, PHS 
shows better performance under different soil moisture for both transpiration and GPP 
simulations, and the drier the soil, the larger the improvement (except the driest condition 
for transpiration simulation). Compared with the CLM and SSiB schemes, PHS shows 
comparable performance for transpiration and GPP simulations under non-limiting 
conditions (i.e., soil moisture > 0.06 m3/m3), but outperforms the other schemes as soil 
moisture becomes drier. 
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Figure 3.3: ∆KGE between PHS and SHSs for (a) transpiration (TR) and (b) GPP under 
different soil moisture (SM). The solid lines are the median of the ∆KGE in 
each SM interval, with the 25th and 75th percentiles shaded. Along the x-axis 
are eight SM observation bins. Root-weighted SM is the sum of root 
fraction–weighted SM at each layer, i.e., ∑ 𝜃liq,𝑖 ∙ 𝑟𝑖
4
1 . 
3.4.1.3 Plant water stress dynamics 
Figure 3.4 compares the daily averaged β between PHS and the SHSs under 
different soil moisture conditions. Compared with the CLM and SSiB schemes, PHS has 
similar β values when soil moisture is greater than 0.06 m3/m3, but larger values when the 
soil becomes dry. When PHS is compared with the Noah scheme, the relative difference in 
β becomes larger with soil dry-down. These dynamics of β under different soil moisture 
show similar patterns of model performance when comparing PHS with each SHS (Figure 
3.3). By representing plant hydraulics in the Noah-MP model, PHS simulates larger β under 
dry soil conditions and hence improves model performance over the three default SHSs. 
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Figure 3.4: (a) β dynamics for four schemes and (b) the relative difference between PHS 
and three SHSs under different soil moisture (SM) conditions. Relative 
difference in (b) is computed as (𝛽PHS − 𝛽SHS) 𝛽PHS⁄ . 
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3.4.1.4. Diel simulations demo under dry and wet soil moisture 
We further analyzed the diel cycles of transpiration, GPP and β on a typical wet 
day (DOY 227 in 2013) and a dry day (DOY 235 in 2013). Compared with simulations on 
the wet day (Figures 3.5a and c), there are larger differences between PHS and the three 
SHSs for the transpiration and GPP simulations on the dry day (Figures 3.5b and d). Under 
the limited water condition, a small difference in β could induce a significant difference in 
the simulations of transpiration and GPP. In terms of β dynamics, the three SHSs show 
negligible diel variation (Figure 3.5e). These default schemes are based on the root zone 
soil moisture or soil matric potential, which varies slowly (on the order of days and weeks). 
On the other hand, PHS shows an apparent diel variation of β, with the maximum value at 
predawn and minimum value at midday (Figures 3.5e and f), following the diel cycle of 
LWP. Additionally, PHS captures the asymmetrical daytime fluxes of transpiration and 
GPP, i.e., higher fluxes in the morning than the afternoon, especially under conditions of 
low soil moisture content (Figures 3.5b, d and f). 
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Figure 3.5: Diel cycles for (a, b) transpiration (TR), (c, d) GPP, and (e, f) β root water 
uptake on a typical (a, c, e) wet day (DOY 235 in 2013) and (b, d, f) sunny 
and dry day (DOY 227 in 2013). 
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3.4.2 Tree-level simulations 
3.4.2.1 Overall PHS performance  
We applied our PHS to simulate species with different hydraulic behaviors. The 
calibrated parameters for the red maple and red oak simulations are listed in Table 3.6 using 
observations of transpiration and stem water storage. Figure 3.6 shows their simulations at 
the daily time scale (DOY 195–254). It should be noted that PHS only simulates the 
variation of plant water storage instead of the absolute value of storage. Therefore, we 
adjusted the simulated stem water storage to match its average with the average of observed 
stem storage. During the soil moisture dry-down period (i.e., DOY 209–222; Figures S3.3 
and S3.4), the red maple’s transpiration and stem water storage were strongly affected by 
this decrease in soil water content, but this was not so for the red oak. Based on the 
observations, under the limited soil moisture, transpiration for the red maple gradually 
declined from a maximum of 0.60 g/s at DOY 2012 to 0.20 g/s at DOY 222, while oak 
maintained a relatively stable transpiration, with an average of around 0.33 g/s (Figure 
3.6a). Concurrently, stem water storage in the red maple fell by 29% from 101.3 to 72.2 
kg, but there was less of a change in stem water storage (between 107.4 and 103.1 kg) in 
the red oak (Figure 3.6b).  
These divergent behaviors between red oak and red maple were well captured by 
PHS simulations, with overall high KGE and low RMSE values (Table 3.5) for both 
transpiration and stem water storage simulations (Figures 3.6a and b). It is important to 
note that our calibrated key parameters of K𝑠,sat and 𝑃50 are comparable with the in-situ 
measurements. The calibrated K𝑠,sat (𝑃50) is 1.00  10−2 mm/s and 1.50  10−2 mm/s 
(−2.00  105 and −1.50  105 mm) for the red maple and red oak, respectively, which are 
roughly consistent with the values of 0.55  10−2 and 1.33  10−2 mm/s (−1.97  105 and 
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−1.61  105 mm) based on field measurements for the same species (Maherali et al., 2006). 
Red maple’s lower K𝑠,sat and 𝑃50 than those of the red oak simulation are consistent with 
their different xylem architecture, i.e., diffuse-porous (red maple) and ring-porous (red 
oak). Oak’s stem water storage simulation has a low KGE value of 0.27 over the whole 
period from DOY 195 to 254. However, the KGE increases to 0.77 without considering 
the period of DOY 195–205. This is because PHS failed to capture the increasing stem 
water storage in this period. Red maple’s stem water storage observations show gradual 
recharge after a rain event at DOY 224, while the model shows immediate full recharge 
after soil moisture enhances. This discrepancy occurs because the model has no mechanism 
to reproduce the time lag associated with vessels refilling after drought.  
Compared with the LWP of red oak, the red maple’s LWP is more stable and less 
negative (Figure 3.6c), as is characteristic of its isohydric strategy. The averages of LWP 
measurements at noon for red maple and red oak are −0.51 and −1.3 MPa, respectively, 
over DOY 174–193. PHS simulated a comparable LWP of −0.74 MPa for the red maple 
and −2.1 MPa for the red oak. The β dynamics also show a notable difference between red 
maple and red oak during the dry-down period. Red oak maintains a relatively larger β, 
keeps stomatal openness, and supports stable transpiration. However, the red maple’s β 
gradually declines, as the stomata closes and transpiration is reduced.  
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Figure 3.6: Daily simulations for red maple and red oak. 
 
Species 
TR Stem water storage 
RMSE KGE RMSE KGE 
Maple 0.10 0.82 9.76 0.54 
Oak 0.08 0.70 4.96 0.27 (0.77*) 
*KGE is calculated over DOY 205–254 
Table 3.5: Statistics of model performance at the daily time scale over DOY 195–254. 
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3.4.2.2 Dynamics during the dry-down period  
Figure 3.7 shows the hourly time series over the dry-down period (DOY 209–222). 
The diel withdrawal from stem storage of the red maple fell from 13.2 kg on DOY 209 to 
0.73 kg on DOY 222, while the red oak shows opposite patterns, with storage withdrawal 
slightly rising from around 4.9 kg to 8.3 kg over the same period (Figure 3.7b). The stem 
water storage simulations capture their contrasting patterns. Simulated storage withdrawal 
of the red maple dropped from 15.1 kg on DOY 217 to 8.9 kg on DOY 222, and red oak’s 
storage withdrawal slightly increased from 6.9 kg on DOY 213 to 8.1 kg on DOY 222.  
For the simulation of LWP, the red maple has small diel amplitudes (around 0.5 
MPa), the difference between daily maximum and minimum, and slightly dropped its daily 
maximum and minimum LWP over the dry-down period (Figure 3.7c). On the other hand, 
the LWP of the red oak has larger diel amplitudes as its anisohydric strategy allows for 
strongly negative daily minimum LWP. Similar patterns of stem water potential were 
simulated for these two trees (Figure 3.14). The water stress β, as a function of LWP, shows 
similar patterns for these two species. Red maple gradually decreased its daily maximum 
β in response to the soil drying-down period. Red oak, which uses steadier and deeper water 
sources, shows few changes in β dynamics. These behaviors are consistent with their 
different hydraulic strategies. Red maple is more isohydric, and it uses tight stomata 
regulations, maintaining a relatively stable and high LWP. Red oak is more anisohydric, 
and regularly tolerates highly negative LWP.  
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Figure 3.7: Hourly simulations for the red oak and red maple during the dry-down 
period. Panels (a) and (b) show comparisons between model output (solid 
lines) and observations (dotted lines). Observations were not available for 
LWP or β and are therefore omitted from panels (c) and (d). 
3.4.2.3 Root water uptake 
Figure 3.8 shows the root water uptake (Q) of the red oak and red maple during the 
dry-down period (DOY 209–222). With limited water in the top 2 m of soil, the red maple 
significantly reduced its Q from 0.45 g/s on DOY 209 to 0.17 g/s on DOY 222 (decrease 
of 62%). Concurrently, the red oak reduced its Q from 0.32 g/s to 0.25 g/s (reduction of 
22%). Red maple obtained most of its water from the second soil layer, accounting for 95% 
of the total Q on DOY 209 and 81% on DOY 222 (Figures 8a and S6), because about half 
(47%) of maple’s fine roots live in this layer. For the red oak, during non-water-limited 
conditions, most water also came from the second soil layer, accounting for 82% on DOY 
209. As the upper three soil layers dried, the red oak started using more water from the wet 
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fourth layer, increasing from only 1% on DOY 209 to 91% on DOY 222 (Figures 3.8a and 
S6).  
Additionally, under the relatively wet soil conditions, the red maple and red oak 
absorbed the most water during the daytime (i.e., 06:00–18:00; Figures 3.8b and c), which 
accounts for 92% and 86% of the daily total Q on DOY 209 for the red maple and red oak, 
respectively. As the soil dried, these two species started taking up more water during the 
nighttime (i.e., 00:00–05:00 and 19:00–23:00), which accounts for 48% and 43% of the 
daily total Q on DOY 222 for the red maple and red oak, respectively. 
 
 
Figure 3.8: Root water uptake (Q) for red maple (M, left bars) and red oak (O, right 
bars) during dry-down period: (a) daily Q from the 1st to 4th soil layer (i.e., 




3.4.3 Sensitivity simulations with different plant capacitance 
Figure 3.9 shows the tree-level simulations of a series of sensitivity experiments 
with different stem hydraulic capacitance during the dry-down period (DOY 209–222). 
Overall, different hydraulic capacitance induced noticeable differences in simulations of 
water and carbon variables, and their difference become larger as the soil dried. 
Specifically, larger hydraulic capacitance has more readily available water in the stem and 
closer to the site of transpiration (Figure 3.9a), which enables larger stomatal openness 
(daytime β in Figure 3.9c) and hence can supply more transpiration (Figure 3.9d) and 
promote increased carbon gain (Figure 3.9f). Larger hydraulic capacitance also supports 
less-negative daily minimum stem water potential, which plays a vital role in relieving 
xylem hydraulic stress and reducing xylem vulnerability to cavitation (Figure 3.9b). For Q 
(Figure 3.9e), the overall larger hydraulic capacitance has a larger water reservoir to supply 
transpiration and hence requires less daily root water absorption. It should be noted that 
when hydraulic capacitance is less than 3.0E-4 m−1 (inset panel in Figure 3.9e), the plant 
absorbs slightly more water from soil with larger hydraulic capacitance on DOY 222. 
Although a larger hydraulic capacitance can supply more water, this increased water is 
smaller than the increased transpiration, and therefore more Q is needed. 
Figure 3.16 shows the hourly simulations of these sensitivity experiments. Larger 
hydraulic capacitance shows a smaller daily fluctuation of stem water potential (Figure 
3.16b), which can help relieve xylem hydraulic stress from frequent water potential 
variation. Stem capacitance also affects the timing of Q. Larger hydraulic capacitance 
promotes a longer period for Q during the night.  
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Figure 3.9: Daily simulations with different stem hydraulic capacitance: (a) stem water 
storage (values relative to storage on DOY 209); (b) minimum stem water 
potential (PST_min); (c) daytime plant water stress β; (d) transpiration; (e) 
daily total Q, and (f) GPP. The inset figures show the relationship between 











3.5 DISCUSSION AND CONCLUSIONS 
In this paper, we present a PHS for use in Noah-MP. The PHS uses Darcy's law to 
describe the physical process of water movement from soil to root, from root to stem, and 
from stem to leaf, while explicitly representing water storage in the stem and canopy. The 
stem represents both the trunk and the branches. LWP is utilized to formulate the β and 
hence to regulate the stomatal openness more physically, instead of the commonly used 
SHS approach, which employs soil moisture or soil water potential, as is the case in the 
majority of LSMs, including Noah-MP. Additional physical and measurable state variables 
(i.e., leaf/stem water potential and the variations of stem/canopy water storage) and flux 
variables (i.e., water fluxes from soil to root/stem and from stem to leaf) are represented in 
PHS. As such, observational constraints can be more easily incorporated in PHS than in 
SHSs. Most of the introduced parameters in PHS are physically measurable (e.g., K𝑠,sat) 
or can be derived from in-situ or remote-sensing measurements. The newly developed 
Noah-MP-PHS considers whole-plant hydraulic strategies, including hydraulic traits at 
leaf, stem, and root levels. Therefore, in terms of water transport and regulation, Noah-
MP-PHS facilitates the transition of the soil–plant–atmosphere–continuum model from the 
traditional “big leaf” concept into a “big tree” concept. 
Noah-MP-PHS was found to improve the simulation of water and carbon in plot-
level experiments, especially under dry soil conditions. The inclusion of plant hydraulics 
in the Noah-MP model generates a larger β (i.e., less water stress) under dry soil conditions 
than in three conventional SHSs, thereby enabling more realistic simulations of 
transpiration and GPP that closely replicate observations (Figures 3.2–3.4). Compared with 
the negligible diel variation of β from the default SHSs, PHS’ β shows an apparent diel 
cycle with a maximum value at predawn and a minimum value around midday (Figure 3.5). 
Plant water stress in the default SHSs is based on soil moisture or soil water potential, 
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which only represents the control of water supply from soil and varies slowly (on the order 
of days and weeks). Instead, PHS utilizes LWP for plant water stress calculations, which 
has been shown to be a more mechanistic indicator for stomatal regulation (Manzoni, 2014; 
Novick et al., 2016; Sperry et al., 2017). Therefore, PHS’ β responds to not only the water 
supply from the stem (and ultimately from soil) but also the atmospheric demand, and 
hence enables more realistic dynamics of water and carbon fluxes at diurnal and potentially 
longer timescales (Denmead & Shaw 1962; Fisher et al., 2006; Xu et al. 2016; Kennedy et 
al., 2019). It should be noted that the function of hydraulic redistribution (HR) was disabled 
in our simulations because no evidence of this phenomenon has ever been observed at 
UMBS (He et al., 2003). However, Noah-MP-PHS does have the ability to simulate the 
HR process, which plays a vital role in terrestrial water and energy cycles for arid and 
semiarid regions (Ryel et al., 2002; Luo et al., 2016). 
Noah-MP-PHS was found to successfully capture the different plant hydraulic 
behaviors between red maple and red oak. Overall, simulated transpiration and stem water 
storage were consistent with in-situ observations for these two species (Figure 3.6). During 
the dry-down period (DOY 209–222, 2014), Noah-MP-PHS successfully captured the 
obvious patterns of decreasing transpiration and stem water storage in red maple, and the 
stable transpiration and slightly reduced stem water storage in red oak (Figure 3.7). 
Additionally, the model also showed an ability to simulate the difference in Q between 
these two species. The red maple obtained most of its water from the second soil layer (30–
60 cm), where about half of its roots exist (Figure 3.8). For the red oak, the majority of 
root–water uptake came from the second soil (30–60 cm) layer during non-water-limited 
conditions, transitioning to absorbing most of the water from the wetter fourth soil layer 
(1–10 m) as the upper three soil layers dried. These model-simulated dynamics agree well 
with field isotopic measurements of tree-water uptake (Matheny et al. 2016). Noah-MP-
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PHS tree-level simulations also show the different timing of Q for these two species. Under 
relatively wet soil conditions, these two species absorb most of their water during the 
daytime (Figure 3.8). As the soil dries, they start taking up more water at nighttime, which 
accounts for up to 50% of the total daily water uptake.  
The divergent hydraulic strategies of these two species are well characterized by 
the trait-based parameters in PHS at the leaf (e.g., TLP), stem (e.g., saturated hydraulic 
conductivity), and root (e.g., RAI and rooting depth) levels. For example, the calibrated 
parameters of K𝑠,sat  and 𝑃50  for the red maple and red oak, are comparable to the 
observational results of Maherali et al. (2006), reflecting their different xylem architecture. 
Red maple has shallow roots and our study site’s well drained soil regularly limits surface 
soil water resources, causing it to readily experience water stress. However, red maple is 
strongly isohydric, with tight stomatal regulation, and maintains a relatively stable and high 
LWP and, hence, conservatively controls transpiration (Figure 3.7). Red oak is more 
anisohydric, characterized by its lax stomatal regulation, and regularly tolerates strongly 
negative LWP, which allows restively liberal transpiration. This behavior of red oak is 
buffered by both its deep rooting depth and highly conductive xylem architecture (Matheny 
et al. 2017). PHS is unable to capture well the gradual recharge of stem water during the 
rewetting period (Figure 3.6). The hysteresis phenomenon occurs in the relationships 
between xylem water potential and conductivity during the refilling process if refilling does 
not, or is slow to, occur (Sperry et al., 2003; Hacke et al., 2003). Advancement of the PHS 
framework should further include the mechanism to reproduce the time lag associated with 
vessel refilling after drought (Mrad et al., 2018). It should be noted that the hormone 
abscisic acid (ABA) also contributes to regulating the stomatal aperture (Tuzet et al., 2003; 
Fatichi et al., 2016). Even though our PHS is capable of simulating the opposing hydraulic 
strategies without explicitly invoking ABA, this hormonal control could be crucial for 
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some species and is another direction for further PHS model development (Goldstein et al., 
2002; Deans et al., 2017).  
Our results demonstrate that it is essential to represent plant storage, or hydraulic 
capacitance, in plant hydraulics models. Sensitivity experiments with plant hydraulic 
capacitance show that a larger stem hydraulic capacitance with more available water in the 
stem enables larger stomatal openness, can supply more transpiration, and promote 
increased carbon gain (Figure 3.9). Stem capacitance also buffers against xylem hydraulic 
stress. A larger hydraulic capacitance supports a smaller daily fluctuation of stem water 
potential and has less-negative daily minimum stem water potential, which therefore helps 
relieve xylem hydraulic stress and reduce xylem vulnerability to cavitation during dry soil 
conditions (Tyree et al., 1989; Meinzer, 2003; Maherali et al., 2004 & 2006).  
Additionally, plant water storage enables the simulation of nocturnal plant water 
recharge. Nocturnal water recharge has ecophysiological significance to plants, including 
refilling plant water storage, relieving xylem hydraulic stress, delivering nutrients, and so 
on (Scholz et al., 2007; McDonald et al. 2002; Snyder et al. 2003; Daley & Phillips 2006; 
Fang et al., 2016). Our tree-level simulations show that the nighttime recharge of red maple 
and red oak accounts for nearly 50% of the daily total soil to root water flux (Figure 3.8). 
This ratio is consistent with previous studies in which nighttime water recharge accounts 
for approximatly10%–50% of the total daily transpiration (Scholz et al., 2008; Wang et al., 
2012; Carrasco et al., 2014; Zhao et al., 2017). The sensitivity experiments also showed 
that a larger stem hydraulic capacitance demands a longer period for Q during the night to 
supply transpiration in the following daytime (Figure 3.16).  
With the implemented plant hydraulics model in LSMs, the ultimate goal is for use 
within ESMs or numerical weather prediction (NWP) models on large spatial scale 
simulations. One of the central challenges is how to properly represent the diversity of 
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plant hydraulic strategies on large spatial scales. LSMs commonly group plant species into 
broad categories, i.e., plant functional types (PFTs), by the phenological, environmental, 
leaf morphological traits, etc. (Running et al., 1994; Bonan et al., 2002). The PFT 
framework has offered a simple way to deal with plant diversity (albeit with limited plant 
traits considered) and allowed ESMs and NWP models to efficiently simulate vegetation–
climate and –weather interactions on large spatial scales (Scheiter et al., 2013; Pappas et 
al., 2016). However, the current PFT framework does not explicitly incorporate the whole-
plant hydraulic strategy nor does it consider plant hydraulic traits at the root-, stem- and 
leaf-levels (Matheny et al., 2017). There are commonly three approaches to facilitate the 
incorporation of plant hydraulics into large-scale models. The first approach is to represent 
plant hydraulic strategies under the existing PFTs. For example, Kennedy (2020) presented 
a set of plant hydraulic parameters for each PFT in CLM5 to conduct the global 
simulations. However, studies have shown that there is large divergence of plant traits 
within a given PFT (Konings et al., 2017; Wright et al., 2015). Alternatively, the second 
approach is to define new categories with similar plant hydraulic strategies either alongside 
or within the current PFTs. Xu et al. (2016) defined four new PFTs with discrete hydraulic 
traits to better reproduce vegetation dynamics in seasonally dry tropical forests. Mitchell 
et al. (2008) defined the “hydraulic functional types” (HFTs) to group species with 
different water use strategies using multiple-trait associations between sixteen traits 
relating to water transport, water use efficiency and response to water deficit. The first and 
second approach remain within or are an expansion to current PFT framework, and 
inevitably suffer similar underlying problems, including finite categories, coarse 
resolution, over-aggregation and fixed plant attributes (Matheny et al., 2017; Van 
Bodegom et al., 2012; Pappas et al., 2016). Such disadvantages have been shown to lead 
to errors in water and carbon simulations and do not flexibly consider vegetation adaptation 
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to the environment (Matthes et al., 2016; Scheiter et al., 2013; Poulter et al., 2011). Moving 
beyond the PFT paradigm, the third promising solution is a fully trait-based approach. 
Instead of classifying plants into limited categories, the calculations (e.g., water and carbon 
fluxes) in trait-based models are directly based on functional traits grounded by observable 
plant traits (Van Bodegom et al., 2014; Yang et al., 2015; Laughlin and Laughlin, 2013). 
These functional traits are allowed to vary in response to environmental drivers (e.g., water 
availability and nutrient availability) and habitat filtering/adaptation processes through the 
incorporation of mechanistic plant functional sub-models (Verheijen et al., 2013; Van 
Bodegom et al., 2014). The trait-based approach is becoming a necessity for constructing 
the next generation dynamic global vegetation models and has shown promising 
improvements in model simulations (Verheijen et al., 2013; Scheiter et al. 2013; Van 
Bodegom et al., 2014). Together with the emerging multi-source observations, including 
in-situ (e.g., the TRY database, Kattge et al., 2011) and remote sensing (e.g., vegetation 
optical depth, Konings et al., 2019), and new technologies like machine learning (e.g., 
Verrelst et al., 2012; Moreno-Martínez et al., 2018), the trait-based approach provides a 
promising future for the representation plant hydraulic and other functional traits in large 
spatial scale models. In our tree-level experiments, we calibrated two sets of PHS related 
parameters and hence defined two types of HFT for red maple and red oak, following the 
second approach outlined above. This strategy allowed us to represent the distinct plant 
hydraulic strategies within the existing model framework. 
Overall, compared to the default Noah-MP, simulations using the newly developed 
Noah-MP-PHS show better agreement with observations at both the plot and tree level. 
Through this new representation of plant hydraulic strategies, Noah-MP-PHS provides the 
capability to better understand the role of vegetation in the water and carbon cycles, energy 
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budgets, land–atmosphere interaction, and climate feedbacks, especially under climate 
change conditions characterized by increased drought frequency. 
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3.6 SUPPLEMENTARY  
 
Parameter Source Unit Plot-level Maple Oak 
𝑇𝐿𝑃 Calibration mm -1.5E+5 -0.7E+5 -2.0E+5 
C𝑙𝑒𝑎𝑓 Empirical determined 1 1.0E-7 1.0E-7 1.0E-7 
K𝑠,𝑠𝑎𝑡 Calibration 𝑚𝑚 ∙ 𝑠 
−1  2.0E-2 1.0E-2 1.5E-2 
𝑃50 Calibration mm -2.0E+5 -2.0E+5 1.5E+5 
C𝑠𝑡𝑒𝑚 Calibration 𝑚 
−1  4.0E-4 7.0E-4 1.0E-4 
𝑆𝑠𝑎𝑝 Field data 𝑚 
2 ∙ 𝑚−2  1.5E-3 6.3E-4 6.8E-4 
V𝑠𝑎𝑝 
Empirical calculated  
(𝑆𝑠𝑎𝑝 × ℎ𝑐) 
𝑚 3 ∙ 𝑚−2  4.4E-2 1.7E-2 2.1E-2 
h𝑐 Field data mm 29.0E+03 27.4E+03 31.3E+03 
𝑎1 Calibration unitless 1.0E+0 4.0E-1 4.0E+0 
𝑎2 
Xu et al. (2016) 
unitless 4.0E+0 4.0E+0 4.0E+0 
𝑎3 unitless 6.0E+0 6.0E+0 6.0E+0 
𝑓𝑟𝑜𝑜𝑡−𝑠ℎ𝑜𝑜𝑡  Field data 𝑚 
2 ∙ 𝑚−2  1.0E+0 9.0E+0 1.0E-1 
Rooting depth Empirical determined m 2.0E+0  2.0E+0   1.0E+1 





Daily  Hourly 
RMSE KGE CC BR VR RMSE KGE CC BR VR 
TR 
Noah 0.60 0.62 0.86 0.82 1.30 1.06 0.66 0.93 0.82 1.28 
CLM 0.57 0.54 0.86 0.93 1.43 1.22 0.67 0.92 0.93 1.31 
SSiB 0.61 0.48 0.86 0.94 1.49 1.31 0.66 0.92 0.94 1.33 
PHS 0.48 0.72 0.87 0.91 1.23 1.03 0.72 0.94 0.90 1.25 
GPP 
Noah 2.96 0.49 0.55 0.79 1.11 5.02 0.77 0.92 0.79 0.99 
CLM 2.44 0.54 0.59 0.93 1.21 4.36 0.89 0.92 0.93 0.99 
SSiB 2.59 0.48 0.57 0.95 1.27 4.56 0.89 0.91 0.95 1.01 
PHS 2.10 0.62 0.63 0.93 0.97 4.19 0.89 0.92 0.93 0.96 
SM1 
Noah 0.014 0.80 0.85 1.12 0.93           
CLM 0.016 0.51 0.84 0.90 1.46           
SSiB 0.017 0.46 0.83 0.89 1.50           
PHS 0.012 0.81 0.85 1.07 0.91           
SM2 
Noah 0.013 0.84 0.91 0.89 0.93           
CLM 0.030 0.26 0.87 0.65 1.64           
SSiB 0.032 0.20 0.86 0.63 1.70           
PHS 0.013 0.74 0.91 0.92 0.77           
SM3 
Noah 0.014 0.62 0.73 1.11 0.75           
CLM 0.024 0.11 0.51 0.81 1.72           
SSiB 0.026 0.00 0.49 0.79 1.83           
PHS 0.013 0.59 0.76 1.11 0.69           
SM4 
Noah 0.044 -0.18 0.86 2.02 0.43           
CLM 0.043 -0.17 0.80 2.01 0.44           
SSiB 0.043 -0.17 0.80 2.01 0.44           
PHS 0.036 0.07 0.89 1.84 0.62           
Table 3.7: Statistics of model performance at the daily and hourly time scales (best 

































Figure 3.12: Daily simulations of stem water potential (PST), root-weighted soil water 


































Figure 3.16: Hourly simulations with different stem capacitance. (a) stem water storage 
(values relative to the storage in DOY 209), (b) PST, (c) daytime plant water 




Chapter 4:  Impacts of Plant Hydraulics on Transpiration Partitioning 
and Terrestrial Total Water Storage over CONUS 
ABSTRACT 
Plant hydraulics describes the mechanism of plant water uptake, transport, and use. 
Plant hydraulics scheme (PHS) can improve water and carbon simulations compared with 
the empirical soil hydraulics schemes (SHSs) that are widely used in land surface models. 
In this study, we extended the plot-level and tree-level PHS experiments to forest regions 
in the contiguous United States (CONUS). In addition to the default three SHS 
experiments, we designed three PHS experiments, including PHS_plot, PHS risk-averse, 
and risk-prone experiments based on the calibrated PHS parameters from UMBS plot-
level, maple tree-level and oak tree-level simulations, respectively. For PHS simulations, 
we calculated the spatial sapwood area and volume indexes over CONUS forest regions 
innovatively using the datasets of forest canopy height and tree density based on species-
specific allometric equations. We focus primarily on the ratio of transpiration to 
evapotranspiration (TR/ET) and the total water storage anomaly (TWSA). Results show 
roughly similar TR/ET patterns in both PHS and SHS experiments. Plant hydraulic traits 
affect the TR/ET of PHS experiments. Forests with larger tree density and canopy height, 
and hence larger sapwood area and volume indexes, tend to have larger TR/ET. This 
indicates that PHS, with more realistic representations of plant traits and hydraulic 
strategies, could improve the TR/ET simulation (e.g., improve the TR/ET underestimation 
over the deciduous broadleaf forest). Both PHS and SHS experiments show similar spatial 
patterns of TWSA amplitude over the CONUS. PHS with different hydraulic strategies 
have a large difference in the simulated TWSA amplitude, accounting for an overall 
average of 37.57% of GRACE TWS amplitude over the CONUS. From 2003 through 2016, 
TWSA of PHS experiments is slightly more consistent with GRACE TWSA than that of 
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SHS experiments average in terms of the difference in amplitude and timing of soil 
moisture anomaly. As for the 2011 Texas drought, PHS experiments, especially the risk-
prone experiment, better capture the GRACE TWSA than the default SHS experiments. 
Our study highlights that plant hydraulics, which is generally excluded in Earth system 





Terrestrial ecosystems play a crucial role in global water and carbon cycles. Plants 
are expected to suffer more hydroclimatic stresses with declining soil moisture and rising 
vapor pressure deficit (VPD) under climate change (Novick et al., 2016; Grossiord et al., 
2020). Therefore, understanding and modeling climate change impacts on ecosystems are 
crucial for predicting future biosphere-atmosphere interactions (Anderegg and Venturas, 
2020; Eller et al., 2020). As a critical component of Earth system models (ESMs), land 
surface models (LSMs) simulate water, carbon and energy fluxes, and are used for 
drought/flood prediction, weather forecasts, and climate prediction (Yang et al., 2011; 
Bonan and Doney 2018). However, most current LSMs use simplistic representations of 
the effects of soil water stress on vegetation employing empirical soil hydraulic schemes 
(SHSs), which are based on either soil water content or soil water potential (Li et al., 2020; 
Anderegg and Martin, 2020; Christoffersen et al., 2016; Sitch et al., 2015). SHSs cannot 
accurately capture the ecosystems' response to water stress conditions and contribute 
significant uncertainties in water and carbon simulations (Matheny et al., 2014a; Powell et 
al., 2013; Trugman et al., 2018). 
Plant hydraulics describes the mechanism of plant water uptake from the soil, water 
transport to leaves, and water loss through stomata (Anderegg and Martin, 2020; 
McDowell et al., 2019; Mencuccini et al., 2019). Such plant water regulation is determined 
by the whole-plant hydraulic strategy with hydraulic functional traits at the leaf (e.g., 
isohydric vs. anisohydric behaviors), stem (e.g., ring-porous vs. diffuse-porous), and root 
(shallow vs. deep roots) levels (Matheny et al., 2017; McCulloh et al., 2019). For example, 
the “cavitation risk-averse” red maple (Acer rubrum) is more isohydric behavior with 
shallow roots and diffuse-porous xylem architecture. In contrast, the “cavitation risk-
prone” red oak (Quercus rubra) is more anisohydric behavior with deep roots and ring-
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porous xylem architecture (Li et al., 2020; Matheny et al., 2016). Emerging studies have 
implemented plant hydraulics scheme (PHS) to replace the traditional SHSs, and applied 
for experiments at different scales, including tree scale, flux tower scale and even 
regional/global scales (Li et al., 2020; Eller et al., 2020; Sabot et al. 2020; Liu et al., 2020; 
Kennedy 2020; Kennedy et al., 2019; Anderegg et al., 2017). These studies show that the 
plant hydraulics scheme (PHS) can improve water and carbon fluxes simulations, 
especially under dry soil moisture and/or high VPD conditions.  
Li et al. (2020) implemented a novel PHS in the Noah-MP land surface model 
(hereafter Noah-MP-PHS). It employs a big-tree rather than a big-leaf concept, wherein 
the whole-plant hydraulic strategy is considered including root-level soil water acquisition, 
stem-level hydraulic conductance and capacitance, and leaf-level isohydricity and 
hydraulic capacitance. Noah-MP-PHS was evaluated using plot-level observations from 
the University of Michigan Biological Station. Compared with default SHSs, PHS 
improved both water and carbon simulations, especially during periods of dry soil 
conditions (Li et al., 2020). Noah-MP-PHS was also applied for tree-level simulations, and 
well captured the different plant hydraulic behaviors between the “cavitation risk-averse” 
red maple and the “cavitation risk-prone” red oak. These experiments provide three plant 
hydraulics scenarios, i.e., a comprehensive strategy with different species from the plot-
level experiments, an isohydric ‘risk adverse’ hydraulic strategy from the red maple 
experiment, and an anisohydric ‘risk prone’ strategy from the red oak experiment. 
Therefore, Noah-MP-PHS and these experimental configurations provide ideal testbeds to 
understand the impacts of plant hydraulic strategies on water and carbon cycles at a large 
spatial scale.  
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In this study, we extended our analysis to the contiguous United States (CONUS). 
We conducted a series of experiments with default SHSs and PHS (see method section for 
details). Our overarching goal is to understand the impact of plant hydraulics on water 
cycles, specifically the partitioning of total evapotranspiration to transpiration and the total 
water storage. Specifically, we analyzed the comparison (1) between the default SHSs 
experiments and PHS experiments with a plot-level configuration, (2) between PHS 
experiments with different hydraulic strategies (i.e., risk-prone vs. risk-averse), and also 
examined (3) how plant traits affect water cycles. Section 2 describes the default SHSs and 
new PHS in the Noah-MP, experimental design, and large-scale parameter estimation. 
Results are examined in Section 3, followed by conclusions and discussion in Section 4. 
4.2 METHODS 
4.2.1 The default Noah-MP and Noah-MP-PHS  
The Noah-MP LSM is enhanced over the Noah LSM e.g., vegetation canopy energy 
and layered snowpack (Chen & Dudhia, 2001; Niu et al., 2011; Yang et al., 2011). Noah-
MP is a primary model employed in the NASA Land Information System (Kumar et al., 
2006), the next phase North American Land Data Assimilation System (Xia et al., 2012), 
the Weather Research and Forecasting model (Skamarock et al., 2019), and the National 
Water Model (Cosgrove et al., 2016). This model has been comprehensively evaluated in 
various climate regimes, including CONUS and China (Cai et al., 2014a & 2014b; Liang 
et al., 2019). Noah-MP implements alternative physical parameterization schemes for 
several vital processes. One of these is the plant water stress factor (β). In the default Noah-
MP, there are three β schemes that employ an idealized “big-leaf” concept to regulate water 
and carbon fluxes in response to soil moisture stress through empirical soil hydraulics 
schemes (SHSs).  
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Li et al. (2020) implemented a novel plant hydraulics scheme (PHS) in Noah-MP 
(i.e., Noah-MP-PHS), which employs a big-tree rather than big-leaf concept, wherein the 
whole-plant hydraulic strategy is considered. Noah-MP-PHS was evaluated using plot-
level observations from UMBS. Compared with default Noah-MP with SHS, Noah-MP-
PHS better represents plant water stress and improves water and carbon simulations, 
especially during periods of dry soil conditions. 
4.2.2 Experimental design 
We conducted six experiments with default SHSs experiments and three extended 
PHS experiments based on Li et al. (2020) over the CONUS (Table 4.1). The SHSs 
experiments include three β schemes, i.e., Noah, CLM, and SiB schemes. For the PHS 
experiments, Li et al. (2020) calibrated three sets of PHS related parameters for the plot-
level simulation, isohydric red maple tree-level simulation, and anisohydric red oak tree-
level simulation. The plot-level experiment parameters are used to conduct CONUS plant 
hydraulics simulation and to compare with the COUNS default SHSs simulations. The 
parameters of the red maple experiment represent the “cavitation risk-averse” hydraulic 
strategy (hereafter risk-averse). The parameters of the red oak experiment represent the 
“cavitation risk-prone” hydraulic strategy (hereafter risk-prone). With the exception of the 
PHS risk-prone experiment with rooting depth of 10 m (i.e., 0.1, 0.3, 0.6, 9.0 m for the 1st 
– 4th layer), all other experiments used 2 m rooting depths (i.e., 0.1, 0.3, 0.6, 1.0 m for the 




Name β Scheme 
Rooting 
depth 








        
SHS_CLM 2m         
SHS_SiB 2m         
PHS_plot PHS_plot 2m   
√ 
√     
Risk-averse PHS_map 2m     √   
Risk-prone PHS_oak 10m       √ 
Table 4.1: Experiment configuration. 
The 0.125° hourly atmospheric forcing, and static data, including topography, 
vegetation type, and soil type are from the North American Land Data Assimilation System 
(NLDAS) phase 2 (Mitchell et al., 2004; Xia et al., 2012; Zheng et al., 2019). The model 
spin-up was conducted for each experimental configuration to provide the initial 
conditions. The atmospheric forcing of the year 1980–2016 was used to drive the model, 
and then following 6-year simulation from 1980–1986. With the initial conditions on 1 
January 1987, all experiments were run 30 years of 1987–2016. 
4.2.3 PHS parameter calculation 
Li et al. (2020) calibrated most of PHS parameters for the red maple, red oak, and 
mixed experiments (Table 4.2). The static spatial parameters, i.e., the sapwood area index 
(Ssap), sapwood volume index (Vsap) and canopy height (Hc), are needed to prepare CONUS 
simulations. The PHS experiments use the same spatial values of canopy height, sapwood 
area index and sapwood volume index. Hc can directly use the global datasets of canopy 











Turgor loss point (LWP when 
photosynthetic capacity rate halves) 
mm Li et al. (2020) -0.7E+5 -2.0E+5 -1.5E+5 
C𝑙𝑒𝑎𝑓 Leaf water capacitance 1 Li et al. (2020) 1.0E-7 1.0E-7 1.0E-7 
K𝑠,𝑠𝑎𝑡 
Sapwood-area-specific saturated xylem 
hydraulic conductivity 
mm/s Li et al. (2020) 1.0E-2 1.5E-2 2.0E-2 
𝑃50 
Stem water potential at 50% loss of 
conductivity 
mm Li et al. (2020) –2.0E+5 –1.5E+5 –2.0E+5 
C𝑠𝑡𝑒𝑚 Stem water capacitance m–1 Li et al. (2020) 7.0E-4 1.0E-4 4.0E-4 
𝑆𝑠𝑎𝑝 Specific sapwood area index m2/m2 Calculated in this study Figure 4.1 
V𝑠𝑎𝑝 Specific sapwood volume index m3/m2 Calculated in this study Figure 4.1 
H𝑐 Canopy height m Simard et al. (2011) Figure 4.1 
𝑎1 
Empirical parameter controlling length 
of water flow route 
unitless Li et al. (2020) 4.0E-1 4.0E+0 1.0E+0 
𝑎2 
Empirical parameter controlling xylem 
hydraulic conductance 
unitless Li et al. (2020) 4.0E+0 
𝑎3 
Empirical parameter controlling plant 
water stress 
unitless Li et al. (2020) 6.0E+0 
𝑓𝑟𝑜𝑜𝑡−𝑠ℎ𝑜𝑜𝑡 
Fine root area to shoot (i.e., leaf area + 
stem area) ratio 
unitless Li et al. (2020) 9.0E+0 1.0E-1 1.0E+0 
Table 4.2: Parameters for PHS simulations. 
The Ssap and Vsap are calculated based on the species-specific allometric equations 
as follows: 
(1) Calculation of the diameter at breast height (DBH, m). Garrity et al. (2011) built 
an allometric equation based on the tree measurements on the University of Michigan 
Biological Station (UMBS). 
𝐷𝐵𝐻 = exp (
𝐻𝑐+12.61
9.97
)                     (Eq. 4.1) 
where, the unites of DBH and Hc are cm and m, respectively. 
(2) Calculation of Ssap (units: m2/m2). Tree level sapwood area (TSA, units: m2) is 
first calculated based on an allometric equation, 
TSA = (𝛼1 + 𝛼2𝐷𝐵𝐻
𝛼3) × 10−4                 (Eq. 4.2) 
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where, the species-specific parameters of 1, 2 and 3, are -110.66, 17.04 and 1.00 for red 
maple (Bovard et al., 2005), and 0.00, 0.21, and 2.18 for red oak (Matheny et al., 2014b), 
respectively.  
The computed TSA for red maple (TSA_m) and red oak (TSA_o) are averaged as 
TSA̅̅ ̅̅ ̅. Global tree density (TRD, units: m–2; Crowther et al., 2015) is used to transfer the 
tree-level value into the ground-area specific value, i.e., Ssap 
TSA̅̅ ̅̅ ̅ = (TSAm + TSA_o)/2                     (Eq. 4.3) 
𝑆𝑠𝑎𝑝 = TSA̅̅ ̅̅ ̅ × 𝑇𝑅𝐷                        (Eq. 4.4) 
 (3) Calculation of Vsap (units: m3/m2). We assume that the sapwood is not change 
at each stem cross-section vertically. So,   
𝑉𝑠𝑎𝑝  = 𝐻𝑐 × 𝑆𝑠𝑎𝑝                         (Eq. 4.5) 
These spatial plant traits are used in PHS experiments, and also can help to analyze 
how plant traits can affect the water and carbon fluxes, corresponding the goal (3). 
4.2.4 Analysis 
In this study, we focused two types of comparisons. The 1st is the difference 
between the default SHSs simulations and PHS_plot simulation, which corresponds to 
research goal (1); the 2nd is the difference between PHS simulations with different 
hydraulic strategies, which corresponds to research goal (2). Also, we analyzed the impacts 
of plant traits on these simulations, corresponding to research goal (3). 
The analysis focuses on the climatology (i.e., 1987–2016) over CONUS. We also 
selected the forest regions experienced 2011 Texas drought. We used the 2-digit hydrologic 
unit code (HUC02) of United States Geological Survey (USGS) to help forest area 
selection (Figure 4.14). The Gravity Recovery and Climate Experiment (GRACE) satellite-
derived terrestrial water storage anomaly (TWSA) data are used to examine the overall 
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model TWSA simulations. The simulated TWS is the sum of soil moisture, snow water 
equivalent (SWE), canopy water content, and plant water storage. The GRACE/GRACE-
FO RL06 Mascon Solutions (version 02) was downloaded from the Center for Space 
Research (Save et al., 2016). All of these datasets are resampled to NLDAS resolution. 
 
4.3 RESULTS 
4.3.1 Spatial plant traits 
Based on the assumptions and species-specific allometric equations above, we 
calculated sapwood area index (Figure 4.1c) and sapwood volume index (Figure 4.1d) on 
the basis of canopy height (Figure 4.1a) and tree density (Figure 4.1b). Generally, there are 
two hot spots with large value of these two indexes: the northwest and eastern US. These 
regions are characterized by large values of canopy height and/or tree density. The PHS 




Figure 4.1: (a) Tree canopy height, (b) tree density, (c) calculated sapwood area index, 
and (d) calculated sapwood volume index over CONUS forest regions. 
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4.3.2 Climatology comparison 
We calculated the climatology of water and carbon variables throughout 1987–
2016 for different experiments. Considering transpiration mainly occurs during the 
growing season, the climatology was calculated based on each year’s growing season, i.e., 
April–October. Specifically, we analyzed the comparisons (1) between the average of 
SHSs simulations (SHS_avg) and the PHS simulation with calibrated plot-level experiment 
parameters (PHS_plot), and (2) between the PHS simulation with “cavitation risk-averse” 
strategy using calibrated maple experiment parameters (Risk-averse) and the PHS 
simulation with “cavitation risk-prone” strategy using calibrated oak experiment 
parameters (Risk-prone). 
4.3.2.1 ET partitioning 
Figure 4.2 shows the climatology of TR/ET. PHS_plot experiment has similar 
spatial patterns of transpiration partitioning with the SHS_avg simulations, with larger 
TR/ET over the southeastern and northwestern forest regions. Even though the overall 
averages of TR/ET are the same as 0.55 for these two simulations, the PHS_plot 
experiment has a larger TR/ET for the majority of regions (Figures 4.2a–2c). Plant 
hydraulic traits are closely related to the difference between PHS_plot and SHS_avg 
experiments. PHS_plot simulation shows a higher ratio of transpiration over forest regions 
with larger values of tree density, canopy height, sapwood area, and volume indexes 
(Figures 4.3a–3d). 
For the PHS experiment with different hydraulic strategies, the risk-averse and the 
risk-prone experiments show similar spatial patterns (Figures 4.2d and 4.2e). Even though 
the overall averages of TR/ET are quite identical, these two experiments show apparent 
disagreement in the spatial patterns of TR/ET over CONUS (Figures 4.2f). The risk-prone 
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strategy tends to have a larger transpiration ratio than the risk-averse strategy with canopy 
height taller than about 25 m (Figures 4.3e–3h). 
 
 
Figure 4.2: Comparisons of TR/ET for difference experiments. (a) the averaged SHS 
experiments, (b) the PHS_plot experiment, and (c) their difference (i.e., 
PHS_plot – SHS_avg); (d) the PHS risk-averse experiment, (e) the PHS 






Figure 4.3: The relationships between TR/ET difference and plant traits. Figures (a) – 
(d) corresponds to the TR/ET difference between PHS_plot and SHS_avg 
experiments. Figures (e) – (h) corresponds to the TR/ET difference between 
PHS risk-prone and PHS risk-averse experiments.  
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4.3.2.2 Transpiration and plant water stress (β) 
To better understand the TR/ET patterns, we further analyzed transpiration and β. 
The SHS_avg and PHS_plot have similar spatial patterns of transpiration. Overall, the plant 
hydraulics scheme has slightly larger transpiration than the transpiration average of the 
default soil hydraulics schemes (Figures 4.4a–4c). Plant traits affect the transpiration 
difference between these two experiments. The PHS_plot experiment tends to have smaller 
transpiration than the SHS_avg experiment over forest regions with low tree density, 
canopy height, sapwood area index, and sapwood volume index (Figures 4.5a–5d). The 
transpiration patterns are consistent with the plant water stress factor (β) (Figures 4.6a–6d), 
reflecting the influence of plant water stress on stomatal conductance. PHS experiments 
show overall larger β than the averaged SHS experiments except for regions with small 
values of plant traits (Figures 4.7e–7h).  
For the PHS experiments with different hydraulic strategies, the risk-averse 
experiment has larger transpiration than the risk-prone experiment (Figures 4.4d–4f). Plant 
traits affect the transpiration difference between two different hydraulic strategies (Figures 
4.5e–5h). The risk-prone strategy tends to have larger transpiration than the risk-averse 
strategy when canopy height is higher than approximately 25 m. These transpiration 
patterns are consistent with the patterns of plant water stress factor for two PHS 
experiments (Figures 4.6d–6f). The risk-prone experiment has larger β than the risk-averse 
experiment over regions with larger values of canopy height, sapwood area, and volume 
indexes (Figure 4.7f).  
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Figure 4.7: Similar to Figure 4.3 but for plant water stress (β). 
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4.3.2.3 Evapotranspiration  
The SHS_avg and PHS_plot have similar spatial patterns of total 
evapotranspiration (ET). Overall, the plant hydraulics scheme has a slightly larger ET than 
the average of the default soil hydraulics schemes (Figures 4.8a–8c). PHS has smaller ET 
over regions with low values of plant traits, i.e., tree density, canopy height and sapwood 
area and volume indexes (Figure 4.9a–9d), which is consistent with the transpiration 
patterns. Another major component of ET is the soil evaporation (ES, Figure 4.15). Overall, 
PHS has larger ES than SHS average, especially for the regions with small values of plant 
traits (Figure 4.16). These patterns are consistent with the 1st layer soil moisture (Figures 
S4.4 and S4.5) that PHS experiment has wetter topmost layer soil moisture than the SHS 
experiments. 
For the PHS experiments with different hydraulic strategies, the risk-averse 
experiment has a larger ET than the risk-prone experiment (Figures 4.8d–8f). Plant traits 
strongly affect the ET difference between different hydraulic strategies (Figures 4.9e–9h). 
The ET difference becomes smaller with canopy height increases, consistent with the 
patterns of transpiration. The risk-averse experiment has wetter top layer soil moisture 
(Figure 4.17 and S4.5) and hence has larger soil evaporation than those of the risk-prone 
experiment (Figures S4.2–S4.3). 
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Figure 4.9: Similar to Figure 4.3 but for total evapotranspiration (ET). 
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4.3.3 TWS comparison 
4.3.3.1 TWS amplitude 
Figure 4.10 shows the TWS seasonal amplitudes of model simulations and the 
GRACE dataset. The simulated TWS is the sum of soil moisture, snow water equivalent 
(SWE), plant water storage, and canopy water content. Overall, model simulations show 
consistent spatial patterns with each other. The pixel averages of simulated TWS 
amplitudes (i.e., 18.51–20.29 cm) are slightly more than the GRACE dataset (i.e., 17.54 
cm). Specifically, compared with GRACE TWS, model simulations overestimate the TWS 
amplitude over the western US, which is likely due to the large SWE amplitude (Figure 
4.20). While for the central-southern regions, model simulations underestimate the TWS 
amplitude, which likely due to the omission of groundwater variations in the current 
experiments.  
The overall difference of TWS amplitude between PHS_plot and SHS_avg 
experiments is 0.70 cm, which accounts for 4.24% of the GRACE TWS amplitude (Figures 
4.10c and 4.10h). The PHS_plot experiment has a smaller soil moisture amplitude than the 
averages of default SHS experiments over forest regions with sparse trees (Figure 4.19 and 
Figure 4.1). 
However, for PHS risk-averse and risk-prone experiments, their TWS amplitude 
difference is quite apparent with 5.94 cm, accounting for 37.57% of the GRACE TWS 
amplitude (Figures 4.10f and 4.10h). The risk-prone strategy tends to have smaller (larger) 
simulated TWS amplitudes in the central-western US (western and eastern US) than that 
of risk-averse strategy. The soil moisture amplitude of the risk-prone strategy simulation 
is larger than that of risk-averse strategy over the central-western US, while the SWE 
amplitude between these two experiments is much smaller (Figure 4.19).  
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As simulated TWS is dominated by soil moisture and SWE, why does the risk-
prone strategy not have a larger TWS amplitude than risk-averse strategy over the central-
western US region? We analyze the time series of the TWS anomaly (TWSA), soil 
moisture anomaly (SMA) for all soil layers, and SWE anomaly (SWEA) for the forest 
regions in HUC 14 watershed over the western US (Figure 4.21). The risk-prone 
experiment has different soil moisture amplitudes and notable timing differences compared 
with the SMA of the risk-averse experiment (Figure 4.22). There is an offset due to the 
timing difference between SWA and SMA for the risk-prone experiment, causing the risk-





Figure 4.10: Comparison of seasonal TWS amplitudes (2004–2010) for different 
experiments. (a) – (c) TWS amplitudes for the averaged SHS experiments, 
the PHS_plot experiment, and their difference (i.e., PHS_plot – SHS_avg), 
respectively; (d) – (e) TWS amplitudes for the PHS risk-averse experiment, 
the PHS risk-prone experiment, and their difference (i.e., risk-prone – risk-
averse), respectively. (g) GRACE TWS amplitude; (h) Ratio of the TWS 
amplitude difference between PHS_plot and SHS_avg to the GRACE TWS 
amplitude; (i) Ratio of TWS amplitude difference between risk-averse and 
risk-prone to the GRACE TWS amplitude. The average in each figure 
calculated as the average of the absolute value in each pixel. 
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4.3.3.2 Continental-scale TWS 
Figure 4.11 shows the monthly averages of TWSA, SMA, SWEA over the CONUS 
forest regions during 2003–2016. Overall, the TWSA of the PHS_plot experiment shows 
slightly better agreement with GRACE TWSA than that of the SHS_avg experiment, with 
larger r and smaller RMSE (Table 4.3). For PHS experiments with different plant hydraulic 
strategies, TWSA of the risk-prone experiment is more consistent with GRACE TWSA 
than the TWS of the risk-averse experiment, with larger r and smaller RMSE (Table 4.3). 
As there is no difference of SWEA, the TWSA difference is determined by the SMA 
difference regarding the different SMA amplitude and/or timing. 
 107 
 
Figure 4.11: Monthly CONUS averages of TWSA, SMA, SWEA for the PHS_plot vs. 
SHS_avg experiments (Figures in the left column), and PHS risk-averse vs. 





Experiments r RMSE (cm) 
SHS_avg 0.89 2.91 
PHS_plot 0.90 2.87 
PHS risk-averse 0.89 2.90 
PHS risk-prone 0.94 2.23 
Table 4.3: Statistical summary of simulated TWSA for different experiments by 
comparing with GRACE TWSA during 2003–2016 over CONUS forest 
regions (r, correlation coefficient; RMSE, root-mean-square error). 
 
Experiments r RMSE (cm) 
SHS_avg 0.88 8.33 
PHS_plot 0.90 7.68 
PHS risk-averse 0.89 7.99 
PHS risk-prone 0.91 5.90 
Table 4.4: Statistical summary of simulated TWSA for different experiments by 




4.3.3.3 TWS during drought 
To analyze the simulations during drought years, we selected a forest region in 
eastern Texas and the adjacent area (Figure 4.23), and calculated regional averages for 
different experiments from 2009 to 2011 (Figures 4.12 and 4.13). 
Compared with the TWSA of the default soil hydraulics schemes, the TWSA of 
PHS_plot shows a slight decrease during the dry-down period in 2010 and 2011 (Figure 
4.12a), and hence is more consistent with GRACE TWSA with larger r and smaller RMSE 
(Table 4). The simulated TWSAs are primarily determined by the soil moisture anomalies 
(SMAs) (Figure 4.12h). In 2011, the PHS_plot experiment has larger transpiration and ES 
(and their sum of ET) than these of SHS_avg simulations (Figures 4.12b–12d). The plant 
hydraulics scheme tends to have larger β and top layer soil moisture, favoring larger TR 
and ES (Figures 4.12d and 4.12e). Compared with the SHS_avg experiments, the PHS 
experiment uses less soil moisture from the shallow 1st and 2nd layers, but more soil 
moisture from deeper 3rd and 4th layers (Figures 4.12g, 4.12h, 4.12j and 4.12k).  
For the PHS experiments with different hydraulic strategies, the risk-prone 
experiment has larger TWSA decrease than the TWSA of the risk-averse experiment 
during the dry-down period of 2010 and 2011 (Figure 4.13a), which is more consistent 
with GRACE TWSA with larger r and much smaller RMSE (Table 4.4). The simulated 
TWSAs are also determined to a large degree by the SMA (Figure 4.13h). The TWSA of 
the risk-prone experiment shows enhanced consistency with the GRACE TWSA than that 
of the risk-averse experiment. The risk-prone experiment used more soil moisture from the 
4th layer but less soil moisture from the 1st layer for transpiration (Figure 4.24), and had 




Figure 4.12: Monthly regional averages for the SHS_avg experiment and the PHS_plot 
experiment during 2009–2011. SMA, SM1, SM2, SM3, SM4 denote total 








4.4 DISCUSSION AND CONCLUSIONS  
In this study, we extended the plot-level and tree-level PHS experiments to larger 
spatial scales over the CONUS forest regions. To conduct PHS experiments, we first 
calculated the spatial sapwood area and volume indexes over CONUS forest regions based 
on a series of assumptions alongside datasets of forest canopy height and tree density. To 
the best of our knowledge, these indexes have not yet been used within land surface 
modeling. Therefore, in addition to the default three experiments, we designed three PHS 
experiments, including PHS_plot, PHS risk-averse, and risk-prone experiments based on 
the calibrated PHS parameters from UMBS plot-level, maple tree level and oak tree-level 
simulations, respectively (Li et al., 2020). We compared the model simulations between 
PHS_plot and SHS_avg experiments, and between PHS risk-averse and risk-prone 
experiments. 
The CONUS TR/ET average of the PHS_plot experiment is roughly equal to that 
of the SHS_avg simulation. The spatial patterns of TR/ET differences between these two 
simulations are related to the plant traits of tree density and canopy height. The PHS_plot 
simulation shows a higher ratio of transpiration over forest regions with larger values of 
tree density and canopy height. It should be noted that the tree density dataset only included 
individual trees with woody stems larger than 10 cm in diameter at breast height (Crowther 
et al., 2015). The calculated sapwood area and volume indexes are likely underestimated 
via the exclusion of small trees, hence underestimating the transpiration and TR/ET of PHS 
experiments. Therefore, the consideration of smaller trees and potentially other non-tree 
plants, PHS experiments could produce larger TR/ET.  
The overall averages of TR/ET climatology for PHS risk-averse and risk-prone 
experiments are similar, but slightly smaller than the PHS_plot experiment. The risk-averse 
and risk-prone experiments are based on the parameters calibrated from the maple or oak 
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tree-level experiments. The tree-level simulations represent the plant water transport for a 
given single tree over its crown area, without considering transpiration from overlapping 
neighbor trees. Therefore, the risk-averse and risk-prone simulations implicitly 
representing relatively sparse forests without tree overlapping. For the PHS_plot 
experiment, parameters were calibrated using plot-level observations representing all tree 
species over the flux footprint area, and implicitly considering canopy overlap. Therefore, 
the PHS_plot experiment has larger xylem hydraulic conductivity than risk-averse and risk-
prone experiments (Table 4.2), and hence has larger TR and TR/ET. Plant traits (i.e., 
canopy height and tree density) also affect the TR/ET difference between risk-averse and 
risk-prone experiments. The risk-prone experiment has a smaller (larger) transpiration ratio 
than the risk-averse strategy with lower canopy height (taller) than about 25 m. Forests 
with larger values of tree density and canopy height have a larger sapwood area index, 
which likely affects the xylem hydraulic conductance for risk-averse and risk-prone 
strategies and hence the transpiration. 
Plant hydraulics could improve the TR/ET simulations. Previous TR/ET 
climatology analysis was calculated over the growing season. We further calculated the 
TR/ET by annual climatology to compare with TR/ET of other studies (Table 4.5). In the 
CONUS, there are three major types of forests, including evergreen needleleaf forest 
(ENF), deciduous broadleaf forest (DBF) and mixed forest (MF). The simulated TR/ET of 
both SHS and PHS experiments are comparable with other studies for the DBF and MF. 
While for DBF, model simulations underestimate TR/ET compared with other studies 
(0.34–0.41 vs. 0.52–0.64, Table 4.5). Our analysis has shown that plant traits can affect 
TR/ET of PHS simulations over DBF regions (Figure 4.25 and Figure 4.26). Therefore, 
with more realistic representations of sapwood area and volume indexes, along with more 
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realistic representation plant hydraulics strategies, PHS has the potential to improve 
simulated TR/ET for the DBF. 
 
Forest types SHS_avg PHS_plot Risk-averse Risk-prone Study 1 Study 2 Study 3 Study 4 
Evergreen 
needleleaf forest 
0.57 0.58 0.57 0.56 0.55a 0.50 0.56 0.49 
Deciduous 
broadleaf forest 
0.41 0.39 0.36 0.34 0.61b 0.64 0.52 0.59 
Mixed forest 0.57 0.58 0.55 0.53 0.55 0.57 -- 0.59 
Table 4.5: Comparison of TR/ET for three typical forest types among different studies. 
Study 1: Wei et al. (2017); Study 2: Wang-Erlandsson et al. (2014); Study 3: 
Zhou et al. (2016); Study 4: Gu et al (2018). 
a: average of all needleleaf forest, including evergreen needleleaf forest and 
deciduous needleleaf forest. 
b: average of all broadleaf forest, including evergreen broadleaf forest and 
deciduous broadleaf forest. 
For the TWS amplitude, all experiments show consistent spatial patterns over 
CONUS forest regions and generally capture the GRACE TWS spatial patterns. Compared 
with the GRACE TWS, model simulations overestimate the TWS amplitude over the 
western US, probably due to the large simulated SWE amplitude. Over the central southern 
regions, model simulations underestimate the TWS amplitude, which perhaps is due to the 
omission of groundwater in current experiments. It should be noted that Noah-MP has 
options to consider a simple unconfined aquifer. Cai et al. (2014b) showed that 
groundwater is an essential contributor to simulated TWS. Other factors, including water 
fluctuations in rivers and lakes, could also influence the disagreement between simulated 
TWS and GRACE TWS (Cai et al., 2014b). 
The PHS_plot experiment has slightly larger TWS amplitude than the SHS_avg 
experiments, accounting for 4.24% of the GRACE TWS on average over CONUS, mostly 
due to the difference between their SM amplitudes. Similarly, the monthly CONUS 
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averaged TWSA of the PHS_plot experiment is slightly better consistent with GRACE 
TWS than the SHS_avg experiment. Furthermore, during the 2011 drought period, 
PHS_plot slightly better captures the TWSA over the eastern Texas forest regions than 
SHS_avg simulations. Even though based on the parameters calibrated at one single site 
and used the sapwood area and volume indexes calculated from a series of assumptions, 
PHS_plot can capture consistent or better patterns of water simulations compared with 
default SHS experiments. 
Different plant hydraulic strategies have considerable influence on the simulated 
TWS variation. The CONUS average of TWS amplitude difference between these two 
experiments accounts for overall 37.57% of the GRACE TWS variation. The risk-prone 
experiment tends to have smaller (larger) simulated TWS amplitude in central-western US 
(western and eastern US) than that of the risk-averse experiment, due to different timing 
and amplitude of their soil moisture variations. For the 2011 Texas drought analysis, the 
risk-prone experiment better captured the GRACE TWSA compared with the risk-averse 
experiment. It should be noted that the PHS_plot experiment implicitly represents a 
comprehensive hydraulic strategy of multiple species at the UMBS site. This site has red 
maple and red oak that the risk-averse and risk-prone experiments are based on, and also 
includes species such as bigtooth aspen, paper birch, sugar maple, white pine, and 
American beech (Matheny et al., 2014). Therefore, the PHS_plot experiment's 
comprehensive hydraulic strategy is intermediate to the risk-averse hydraulic strategy and 
risk-prone strategy. Thus, the PHS_plot experiment has the intermedium performance of 
TWSA simulations, which is between the model performance of risk-averse experiment 
















Figure 4.16: Similar to Figure 4.3 but for soil evaporation (ES). 
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Figure 4.19: Similar to Figure 4.12 but for the soil moisture (SM), the sum of soil water 













Figure 4.22: Monthly regional averages of TWSA, SMA, SWEA for the PHS_plot vs. 
SHS_avg experiments (Figures in the left column) and PHS risk-averse vs. 
PHS risk-prone experiments (Figures in the right column) during 2004–2010 









Figure 4.24: Monthly regional averages of root water uptake for PHS risk-averse and 





Figure 4.25: Similar to Figure 4.2 but for the TR/ET over DBF regions with all annual 




Figure 4.26: The relationships between TR/ET and plant traits for PHS experiments with 
different plant hydraulic strategies over DBF regions. 
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Chapter 5: Summary and Future Perspectives 
5.1 DISSERTATION SUMMARY 
Under climate change, terrestrial ecosystems are likely to face more hydroclimatic 
stress with decreasing water supply and increasing climatic water demand. Plant hydraulics 
describes the mechanism of plant water uptake from the soil, water transport to leaves, and 
water loss through stomata. This dissertation aims to better understand and simulate the 
role of plant hydraulics in regulating the terrestrial water and carbon cycles by 
observational data analysis and new model development and application at multi-spatial 
scales. 
Chapter 2 focuses on the impacts of plant hydraulics-related properties on the 
sensitivity of vegetation interannual variability to hydroclimatic factors (i.e., precipitation 
and VPD) in North America. Precipitation has positive effects on vegetation for arid 
ecosystems (aridity index < 0.65; e.g., grassland) and negative effects on humid ecosystems 
(aridity index ≥ 0.65; e.g., forests). VPD has negative effects on vegetation greenness. 
Anisohydric plants are more sensitive to VPD than the relatively isohydric plants. Humid 
anisohydric ecosystems are more sensitive to VPD than precipitation, while arid 
anisohydric ecosystems are equally sensitive to precipitation and VPD. Given the projected 
rising VPD under climate change, it is expected that anisohydric plants could suffer more 
from atmospheric moisture stress. This analysis highlights the important role of plant 
hydraulics on the coupling strength between vegetation and hydroclimatic factors. 
Therefore, the implementation of plant hydraulics in Earth system models (ESMs) could 
better simulate vegetation response and carbon and water cycles, particularly under water 
stress conditions. 
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In Chapter 3, I implemented a novel plant hydraulics scheme into the Noah-MP 
land surface model. Most land surface models use empirical soil hydraulics schemes 
(SHSs), one of the primary uncertainties sources for carbon and water simulations. 
Therefore, I presented a novel plant hydraulics scheme (PHS) in Noah-MP (i.e., Noah-MP-
PHS), which employs a big-tree rather than big-leaf concept, wherein the whole-plant 
hydraulic strategy is considered. Noah-MP-PHS was evaluated using plot-level 
observations from UMBS. Compared with default Noah-MP with SHS, Noah-MP-PHS 
better represents plant water stress and improves water and carbon simulations, especially 
during dry soil conditions. Additional improvements include the simulation of the 
asymmetrical diel cycles of transpiration and gross primary production under low soil 
moisture conditions, with higher fluxes in the morning than in the afternoon. Noah-MP-
PHS can reproduce different transpiration patterns, stem water storage and root water 
uptake during the dry-down period for two species with contrasting plant hydraulic 
behaviors, i.e., the “cavitation risk-averse” red maple and the “cavitation risk-prone” red 
oak. Sensitivity experiments with plant hydraulic capacitance showed that stem water 
storage enables nocturnal plant water recharge and provides an important buffer to relieve 
xylem hydraulic stress during dry soil conditions. 
In Chapter 4, I extended the plot-level and tree-level PHS experiments to CONUS 
forest regions. I conducted six experiments, including the three default experiments with 
SHS and three PHS experiments. PHS_plot, PHS risk-averse, and risk-prone experiments 
used calibrated PHS parameters from UMBS plot-level, maple tree-level, and oak tree-
level simulations. I calculated the spatial sapwood area and volume indexes over CONUS 
forest regions, which have not yet been used within land surface modeling. I found that 
plant hydraulic traits affect the TR/ET of PHS experiments. Forests with larger tree density 
and canopy height, and hence larger sapwood area and volume indexes, tend to have larger 
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TR/ET. PHS with different hydraulic strategies have a tremendous difference in simulated 
TWS amplitude, accounting for an overall average of 37.57% of GRACE TWS over 
CONUS. For the overall CONUS TWSA from 2003–2016, PHS experiments are slightly 
better consistent with GRACE data than the SHS experiments, due to differences in 
amplitude and timing of soil moisture anomaly. In the 2011 Texas drought, PHS 
experiments, especially the risk-prone experiment, better capture the GRACE TWSA than 
the default SHS experiments. Our study highlights that plant hydraulics, with more realistic 
representations of plant traits and hydraulic strategies, could provide a vital link for 
reconciling observations and models of terrestrial water cycles. 
5.2 CAVEATS AND FUTURE WORK 
Further research is needed for Chapter 2. We only used one set of datasets, 
including one type of vegetation productivity (i.e., NDVI) and one set of forcing (i.e., 
NLDAS precipitation, VPD, TMP). Future study should include more parallel datasets, 
e.g., FLUXCOM GPP (Jung et al., 2020) and CRU TS (Climatic Research Unit gridded 
Time Series, Harris et al., 2020) data, to make conclusions more robust. Considering the 
increasing VPD in recent and potential future climate (Yuan et al., 2019), further analysis 
should be done to quantify the effects of VPD globally on vegetation, especially for the 
anisohydric ecosystems (Konings et al., 2017). 
Further development of plant hydraulics scheme is warranted. The plant hydraulics 
scheme implemented in Noah-MP is based on a whole-plant hydraulic strategy concept, 
considering the hydraulic traits at leaves, stem (xylem), and roots. To balance the trade-off 
between model complexity and efficiency, some plant hydraulic mechanisms are not 
considered in this PHS. PHS is unable to capture well the gradual recharge of stem water 
during the rewetting period, missing the time lag associated with vessel refilling after 
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drought (Mrad et al., 2018). PHS does not explicitly invoke (Fatichi et al., 2016). Besides, 
hormone abscisic acid (ABA), dynamic root, and rhizosphere process have shown their 
importance for given ecosystems or environments (Tuzet et al., 2003; Christoffersen et al., 
2016; Wang et al., 2018b). Therefore, the advancement of the PHS framework should 
further include these mechanisms. 
Further experiments should be conducted for CONUS experiments. Our current 
simulations do not consider the groundwater process, which could induce the uncertainties 
of simulated TWS. Cai et al. (2014b) found that groundwater anomaly contributes about 
one-third of the correlation coefficient and RMSE on TWS anomaly average over the 
CONUS. Besides, the variation of surface water storage (e.g., reservoirs and lakes) could 
also dominate the TWS anomaly in given circumstances (Scanlon et al., 2015). Therefore, 
future experiments should include all these processes to represent TWS anomaly better. 
The representation of plant hydraulic strategies on large spatial scale is required for 
large spatial scale modeling. In most LSMs, plants are grouped into broad plant functional 
types (PFTs). The PFT framework does not explicitly consider plant hydraulic strategies. 
Therefore, it is not an ideal way to incorporate plant hydraulic strategies into current PFT 
categories. Moving beyond the PFT paradigm, a promising solution is a fully trait-based 
approach instead of classifying plants into limited categories (Van Bodegom et al., 2014; 
Yang et al., 2015; Laughlin and Laughlin, 2013). The trait-based approach has shown 
encouraging improvements in model simulations (Verheijen et al., 2013; Scheiter et al., 
2013; Van Bodegom et al., 2014). Together with the emerging multi-source observations, 
including in-situ (e.g., the TRY database, Kattge et al., 2011) and remote sensing (e.g., 
vegetation optical depth, Konings et al., 2019), and new technologies like machine learning 
(e.g., Verrelst et al., 2012; Moreno-Martínez et al., 2018), the trait-based approach provides 
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a promising future for the representation plant hydraulic and other functional traits in large 
spatial scale models. 
Further applications of Noah-MP-PHS can be made. (1) The plant hydraulics 
scheme shows better performance of water and carbon simulations during dry soil periods. 
It is quite straightforward to apply Noah-MP-PHS for drought monitoring and forecasting. 
(2) Noah-MP-PHS simulated the plant water potential and water storage during the plant 
hydraulics process. Therefore, another exciting research is to assimilate the remote sensing 
data (e.g., vegetation optical depth) to improve model performance (Kumar et al., 2020). 
(3) Conducting further coupling experiments (e.g., within Weather Research and 
Forecasting Model) to understand the role plant hydraulics on weather predictions of 
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